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ABSTRACT

One of the top causes of car accidents today is drowsy driving referred to The
National Highway Traffic Safety Administration (NHTSA) of The US car accidents report,
this is commonly called as driver fatisue. Driver fatigue is unable to adequately
perceive, react and respond to situations on the road. The way to make sure the
driver concentrates on the road and does not doze off while driving, the state of the
driver in real-time should be known to confirm it. This study develops visual-based
driver fatigue monitoring for this purpose. The system uses the Infrared camera for
suitable in any light conditions to detect symptoms of the driver such as eyelid
distance, eye blink rate, and eye saccadic movement to estimate driver alertness based
on extracted symptoms and alarms if needed. The system uses Python language for
machine learning analysis and uses Raspberry Pi 4 for processing the data. This system
desired to be applied on every type of vehicles without considering size and age and
can operate in any situation such as daytime, nighttime, and raining time to improve
the public safety and reduce accidents on the road. It will be beneficial for the driver,

passenger, and everyone on the road
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CHAPTER 1

INTRODUCTION

1.1 Research background

According to Thailand's accident reports, road accidents are the leading cause
of all forms of accidents. This is consistent with the Ministry of Transport's road
accident analysis report that reported 19,904 deaths in 2019. Thailand has the world's
ninth highest road fatality rate and the highest in Asia. The top 5 causes of accidents
are: Overspeed driving (70.94%), Vehicle or object cut-off suddenly (8.25%), Drowsy
driving (7.02%), Defective equipment (3.31%), and Drunk driving (2.84%) [1]. The
months with the most accidents are January and April, which is the festival season.
The majority of incidents are triggcered by the driver's perceived behavior and

consciousness.
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Figure 1.1 Overview of main causes of accidents in 2019

Traffic laws may prevent drivers from speeding and reduce the severity of
accidents. However, controlling the driver's consciousness is difficult, many times the

driver is unaware. Accidents from falling asleep in trucks and buses are often caused



by the driver having to drive for an extended period. When an accident occurs, the
severity and injury rates of accidents and death are high compared to other types of
accidents, so the driver's consciousness, awareness or status is great importance [2].
Autonomous driving systems that do not require the driver to drive themselves will
become more common in the future, but drivers are not permitted by law to let the
system run while they are sleeping or to ignore traffic [3]. A vehicle equipped with a
system that tracks the driver's alertness levels should assist the driver in assessing his
or her condition or warn the driver to be more mindful and increase the safety of the
vehicle on the road. Therefore, nowadays many modern cars are equipped with a
system called Driving Pattern Monitoring, which tracks driver activity or driving patterns.
Some cars have a front-facing camera that tracks lane lines. If the system detects
repeated attempts to drive outside the lane without turning on the turn signal lights
or driving swaying around, it assumes that the driver has less control over the vehicle
that it is potentially dangerous and will alert the driver to rest. Visual-based Driver
Monitoring, which uses a video camera to identify the driver's face symptoms and
transmute the video to assess the current situation, is another common method of
tracking the driver's status. These safety systems are not yet widely used, but only in
newer vehicles and in passenger cars. Many vehicles, including passenger cars, buses,

or trucks, are also likely to lack driver-related safety systems.

For the above reason, the aim of this research is to create a system that can
detect the driver's status using a camera. This system must be tiny and simple to
mount. Avoid interfering with other equipment or vehicle systems. The driver is not
required to mount any equipment on the body. It can be mounted on a variety of
vehicles, allowing it to be widely used. And create algorithms to detect the status of
the driver, which can be processed on a microcomputer using a Raspberry Pi 4 to
operate in real time. Capable of detecting the level of driver drowsiness and sounding
an alarm if it falls within the limits of an accident. Driving data from volunteers was
collected using a driving simulator to improve the accuracy of the established
algorithm. The author sincerely hopes that the developed equipment and systems can

help to minimize accidents caused by driver fatigue.



1.2 Research objective
1) Study and understand the behavior of fatigue and sleep deprivation.

2) Develop algorithms that can reliably calculate fatigue levels and process them in

real-time.
3) Design the driving simulation data collection and build the appropriate environment
for use with the driving simulator.
1.3  Thesis outlines

This thesis is divided into 6 chapters. The contents are summarized as followed:
Chapterl: Introduction

This chapter introduces the motives for conducting studies, the general

background of driver fatigue monitoring, scope of work, and the objectives.
Chapter2: Literature review

This chapter reviews the fatisue behaviors and symptoms, driver fatigue

monitoring methods, fatigue level, dataset collecting, and the necessary algorithm.
Chapter3: Research methodology

This chapter explains the details of system workflow, image quality
improvement, detection method, symptoms extraction method, fatigue level decision
method, dataset collecting method, and the importance parameters from data

collected.

Chapterd: Result

This chapter presents driver detection performance, eye blinking and mouth
opening detection, and fatigue level detection in terms of processing performance and

accuracy. The relationship between fatigue level and driver facial features behaviors.



Chapter5: Conclusion and recommendations

This chapter concludes the satisfaction and dissatisfaction of this work. The factor
should concern data collecting and algorithm development. Recommendation for

future work.



CHAPTER 2

LITERATURE REVIEW

2.1 Fatigue behaviors and symptoms

Fatigue is the transitory period between wake and sleep, and it can lead to
sleep if uninterrupted. To better define fatigue, it is useful to know that it can be
divided into physical and mental categories [4]. Muscle fatigue is called the syndrome
of decreased muscle performance after stress and is characterized by lower muscle
power and motion. The risk of exhaustion can be increased by hard physical work.
Muscle fatigue is similar to physical fatigue. The most common symptom of mental
fatigue is a general feeling of weariness, inhibition, and impaired function. Physical and

mental exhaustion can both affect vigilance and task performance.

Fatigsue and drowsiness are caused differently and based on different processes
but usually considered together because the effects are the same. A person who is

fatigsued or exhausted is less alert or attentive and can fall asleep in severe cases [5].
2.1.1 Factor of fatigue

We will examine the factors that cause fatigue by examining the following

characteristics of drowsy driving accidents [6].

- Occurring at night or in mid-afternoon, more than 40% of crashes occur

between 1 am and 7 am.

- Occur on high-speed highway, straight road. About 70% of crashes occur on

rural highways with 55 to 65 mph speed limit.
- Involve only the driver as occupant.

- Involve a single vehicle running off the roadway or rear-end and head-on

collisions. No signs of braking the vehicle.



2.1.1.1 Behavioral factor

Sleep deprivation is the most common cause of drowsiness. Many studies have
reported the negative impact of sleep deprivation on driving. Sleeping less than 4 hours
a night has a negative impact on driving efficiency [6]. The length of the last sleep
cycle and the amount of sleep in the previous 24 hours are the two most significant

contributing factors in distinguishing between fatigue and non-fatigue related accidents.

Due to circadian rhythms, people feel sleepy during the afternoon and evening.
Drivers who drive at night are more likely to be involved in an accident [5].

2.1.1.2 Environmental factor

A situation is shown to be monotonous when the stimuli remain constant or
change in a predictable pattern. A variety of studies have implicated the monotony of
roadway geometry and environment as a cause of driver drowsiness. Sleep-related
accidents may be more frequent on long stretches of major highways, accounting for
up to 40% of fatal accidents. Straight road sections reduce driving performance more

than curves. The lower vehicle density makes the driver also bored [4].
2.1.2 Indicator of fatigue

Physical such as head, eyes, mouth, or body movement, can indicate fatigue.
Table 2.1 describes the fatisue symptoms while driving based on each indicator to
explain.
Table 2.1 The physical indicators of fatigue

Indicator Normal Fatigue

Head Look straight ahead. Head bending/nodding [7]

Blink duration > 400ms
Blink duration < 400ms Blink duration > 800ms is

assume as micro-sleep [8]

Eyes Eye-blinking about Eye-blinking activity radically

15-20 times per minutes increased [15]

Looks in other directions for
Look straight ahead
an extended time




Mouth Yawning

Some arms and legs were
Body movement | Sitting still scratched.

Stretching, Slumped [9]

Although there are a variety of physiological measures for measuring alertness,
the brain activity signal may be one of the most accurate and reliable [4]. Electrical
brain activity is classified by rhythms defined by the delta, theta, alpha and beta

frequency bands.

Table 2.2 The Electroencephalography band

Waveband Frequency Status

Occurs during the transition to drowsiness and
Delta 0.5to 4 Hz

sleep.

Occurs in association with hypnagogic imagery
Theta 4to7Hz

and low levels of alertness.
Alpha 8to 13 Hz Occurs during wakefulness

Occurs in association with alertness, arousal,
Beta 13 to 30 Hz

and excitement.

The most significant symptom of fatigsue appears in the eye after many studies
of brain activity monitoring. In terms of EEG band power, blink parameters, and eye
movements, drowsiness has been classified into three stages. The first stage of
drowsiness is reduced vigilance, which can be represented by increased EEG theta
band power and decreased eye movements. The second stage is sleeping proclivity,
which is distinguished by longer blink duration and longer lid reopening. Increased blink
rate indicates the final stage in which the driver almost completely loses the ability to

react to driving events [10].

2.2 Fatigue detection method

This is important to note that a detector of driver fatigue impairment must have
a high detection capability with a low risk of false alarm. The most important

approaches for fatigue/distraction detection can be divided into four categories [11].



2.2.1 Physiological measures

This method uses physiological activity such as brain activity, heart rate, or skin
temperature to distinguish between drowsiness and wakefulness in drivers. The
electrodes or probably the headband is used to collect physiological signals.
Electrodes are appropriate for clinical applications but since real-world monitoring
causes discomfort [10]. For example, from Figure 2.1 the device needs to intrusive with

subject.

\-
O Elastic

headband

Headset

Bluetooth
Module

Figure 2.1 EEG headset system for drowsiness detection
2.2.2 Vehicle-based measures

The drowsiness of the driver is assessed using vehicle control systems, which
may include steering wheel movements, braking patterns, and lane departure
measurements. Steering wheel measurements are more accurate than other vehicle-
based methods. Vehicle-based methods may not be as reliable in the accurate
detection of sleepiness because they rely on the nature of the road and on the driving

abilities of the driver [12].
2.2.3 Behavioral measures

Eye activity attracted attention regarding in-car development for the monitoring
of sleepiness of drivers. The driver face monitoring system is a real-time system that

investigates a driver's physical and mental condition based on the processing of driver



facial image. Eyelid closure, blinking, gaze direction, yawning, and head movement

could all be used to estimate the driver's status [11].

In automotive industry, the driver monitoring system of each manufacture are

describe in Table 2.3. The two main monitoring systems based were used are vehicle-

based and driver behavioral-based.

Table 2.3 The commercially driver fatigue detection system

Monitoring Detection Detection
Brands Technology
device parameter method
Mercedes
Attention Sensor on Steering wheel Vehicle-based
- Benz
Assist steering column movement measures
(2009)
Toyota / Driver
Charge-coupled Eye tracking Behavioral
Lexus monitoring
camera Head motion measures
(2006) system
- Camera Road line
Volvo Driver Alert Vehicle-based
- Steering wheel | detection with
(2007) Control measures
sensor lane keeping
Ford Driver alert Vehicle-based
Camera Lane position
(2011) control measures
Driver
Volkswagen Sensor on Steering wheel Vehicle-based
Fatigue
(2015) steering wheel movement measures
Detection

2.2.4 Subjective measures

This method uses a questionnaire or an observer to determine the driver's level

of fatigue. Karolinska Sleepiness Scale (KSS) is a popular reference fatigue level for

estimating fatisue. The KSS scale can conclude 10 levels of fatigue ranging from

extremely alert to extremely sleepy. According to a Swedish study, because the KSS

has too many levels and is difficult to define by observers, this study attempted to
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divine the fatigue level into three levels called Behavioral signs of sleepiness (B-ORS),

which are described in Table 2.4.

Table 2.4 The KSS level relate to B-ORS level

Karolinska Sleepiness Scale (KSS) Behavioral signs of sleepiness (B-ORS)

Lvl Extremely alert

Lv2 Very alert

Lv3 Alert

Lv4 Rather alert

Lv5 Neither alert nor sleepy

LvO Alert

Lvé Some signs of sleepiness

Lv7 Sleepy,

but no effort to keep awake

Lv1 First sings of sleepiness

Lv8 Sleepy, but some effort to keep

awake

Lv9 Very sleepy, great effort to keep
awake, fighting sleep

Lv2 Severe sleepiness (Micro-sleep)

Lv10 Extremely sleep,

cannot keep awake

The driving performance into three stages based on the B-ORS level as shown

in following table.

Table 2.5 The B-ORS level relate to driving performance stage

Behavioral signs of sleepiness

(B-ORS)

Driving performance impairment

(D-ORS)

LvO Alert

LvO Alert

Lv1 First sings of sleepiness

(short periods of long blink duration,

some yawn, some changes in body position)

Lv1 First sings of sleepiness

(normal reaction, minor wobbling)

Lv2 Severe sleepiness (Micro-sleep)

(half-closed eyes, changes in body position,

head nodding)

Lv2 Severe sleepiness (Micro-sleep)

(no capability to fight sleepiness,

severe reduction in driving performance)
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The overall fatigue cause and method of detection relation can describe by

the following chart.

Skin Temp Body

Temperature
u Physical
atigue

of Skin

Eye
movement

DSeTeTCTIOH Breathing
ystem Rate

Vehicle-based
Measures

Driver Fatigue

Behavioral
Heart rate
Measures
Brain
Activity
- " Intrusive Feeling

Figure 2.2 The faticue cause and detection method relation

Mental
Fatigue

23 Dataset collecting

Collecting the participant fatisue data for the purpose of research, the various

participants and the driving scenario environment are the necessary factors to consider.
2.3.1 Participant

Choosing the sample of participants should be a variety of samples with a range
of ages suitable for driving (Over 18 years old, refer from Department of Land Transport
of Thailand) [6][13]. In general, the sample should be divided into two groups: full rest
and partial rest (less than 4 hours) and some case had the no rest at all group [14],

with a large sample size required to effectively categorize fatisue characteristics [10].
2.3.2 Scenario

Based on statistical data on the characteristics of accidents involving driver

drowsiness, the driving scenario should mainly consist of long and monotonous driving
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sections such as straight roads with less traffic and long running distances [13] that are
likely to induce driver boredom and fatigue when studying driver drowsiness [6].

23.2.1 Real-world driving

The experiment should be strict for the sake of safety in a real-world driving
scenario. Testing on a rural road with a low car density, such as in the late hours of
the night, as in the Norway study [13]. The participant as the driver is accompanied by
an observer as the passenger to determine the level of fatigue.

2.3.2.2  Driving simulator

Driving simulator scenarios are the most popular method of testing because they
are safe from accidents and allow the driver to fall asleep while testing. At the very
least, the driving simulator scenario settings should be related to National Highway

Traffic Safety Administration (NHTSA) basic components by the following criteria [6]:

Physics of the vehicle and interaction with road surface

Surrounding environment including other vehicles

Integration of informative systems (sounds, motion, etc.)

- Integration of control devices (steering wheel, pedal)

2.3.2.3 Kind of data

In many fatigue studies, the data that was collected from the experiment are
the driving pattern, driver video recorded, faticue level by questionnaire and

observation.

Most of the data collected in the driver fatigue experiment consisted of vehicle
parameter data, eye closure data, and video image during the experiment [6]. In some

experiments, level of fatigue (KSS) is also asked during the test [9].
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2.4 Drowsiness detection in computer vision

The steps to detection in the camera-based fatigue monitoring system begin

with face detection and end with an alarm warning decision algorithm, as shown in the

following flowchart.

Video Face Facial Features Tracking

Detection Method

Capturing Detection

Decision Symptoms

Algorithm Extraction

Figure 2.3 The camera-based fatigue monitoring workflow
2.4.1 Face detection algorithm

Face detection is the first step in most driver face monitoring systems [11]. This is
a major component of systems that detect fatigue and distraction based on processing
of the facial region. Due to the difficulty of directly detecting eyes, the face is detected

first, followed by the eyes. The main facial detection problems are:

In plane / out plane face rotation image of face can vary due to relative

camera-face pose.

- Covering part of the face such as mask, sunglasses Facial features such as

beards, mustaches, and glasses.

- Faces may be partially occluded by other objects.

- Imaging conditions such as lighting and camera characteristics affect the

appearance of a face.

- Real-time processing, which is an important factor in processing large video

archives.

There are four types of face detection methods, Knowledge-based, Feature-based,

Template Matching, and Appearance-based methods [15][16]. There are many
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techniques to detect faces, with the help of these techniques, we can identify faces
with higher accuracy. These techniques have almost the same procedure for Face

Detection such as OpenCV, Neural Networks, Matlab, etc.

From [17] study, they study Both MATLAB and OpenCV face detection that can be
used for creating such prototypes and systems but they have the reason to choose
OpenCV. Since, MATLAB is fabricated from java which in turn is fabricated from C.
Therefore, when a code is scripted and run-on MATLAB, the computer initializes by
interpreting the code and converting it into java and then finally executes the script.
Whereas OpenCV uses C/C++ library functions. Which directly provides the computer
with the machine language code and hence helps in faster execution. About the cost,
MATLAB costs around USD$2150 whereas OpenCV is open source, so it is free of cost.

The most efficient way of face detection is HAAR-Cascade based.

For the image results obtained from object detection, the most basic metric to

measure the accuracy are [18]:

1) True positive: The model predicts that a face already exists in the

frame, that face exists.

2) False positive: The model predicts that a face exists but there are

no faces in the frame.

3) False negative: The model predicts that there are no faces, but that

there are faces in the frame.

4) True negative: The model predicts that there are no faces and that

in the frame there are no faces.

(a) True positive (b) False negative
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(c) False positive (Ghosting), (d) False positive (Face overlap)

Figure 2.4 Image results of face detection

In object detection, True negative (TN) result does not apply as there are

infinitive number of bounding boxes that should not be detected in any given image.
The variables that will be used to consider the accuracy of detection are:
1) Precision: The percentage of correct positive prediction

2) Recall: The percentage of correct positive prediction among all

given ground truth.

3) Fl-score: The value that averages the above two parameters to

determine overall performance.

Those 3 variables can be defined in the following equation:

= = i (2-1)
" TP+FP  all detection )
TP TP
R = = (2-2)
TP+FN all ground truth
PXR
Flscore = ¢ (2-3)
2

Where: P = Precision, R = Recall,
TP = True Positive, FP = False Positive, FN = False Negative

A good object detector should find all ground-truth objects (FN = 0; high recall)
while identifying only relevant objects (FP = 0; high precision). Therefore, a particular

object detector can be considered good if its precision stays high as its recall increases,
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which means that if the confidence threshold varies, the precision and recall will still

be high [18].
2.4.2 Face tracking algorithm

Face tracking is the process of locating a moving face or several faces over a
period in a video. The main purpose of these processes is to detect and track the face
even in poor viewing conditions in surveillance applications. After face detection,

feature extraction and tracking were performed to achieve face tracking [18].

The face tracker then analyzes the subsequent video frames and outputs the
location of the initialized face within these frames by estimating the motion parameters
of the moving face. This is different from face detection, the outcome of which is the
position and scale of one single face in one single frame. More importantly, these faces

have the same identity.

Since one face track corresponds to one identity, unlike in frame-based face

detection, the workload of intra-shot face matching is greatly reduced [19].
2.4.3 Facial features detection

Facial feature detection in images and video deals with estimating the position
of prominent features of a human face on a facial image. Facial feature detection
methods utilize information regarding facial geometry, luminance, color and/or shape

information of facial features.

The published methods involve a face detection step and seek for facial
features only within the detected face region. These methods give more robust results
than the second methods that do not involve face detection and search for facial

features over the entire image [20].

The detected features are, in most cases, the eyes, the eyebrows, the nose
and the mouth. The detected features are, in most cases, the eyes, the eyebrows, the

nose and the mouth.



17

To know the driver's status, observing the driver's facial features and converting
them into numerical values that can tell the status is the key. For most of the
observational organs are the head, eyes, and mouth. In express the associated of facial

features with symptoms indicating fatigue.

Swaying head forward

(Nodding)

\ 4

\ 4

Swinging head

Hypo-

Rapid blinking
vigilance

Symptoms

\ 4

Difficulty keeping eyes open

\ 4

Mouth

Frequently yawning

110

Figure 2.5 Fatisue symptoms with facial features

There are several methods for detecting the features of the face from detecting
the whole face to detecting each feature separately which are divided into the
following topics.

2.4.3.1 Facial landmark detection

In computer vision, to automatically extract that facial information, the
localizations of the fiducial facial key points (as shown in Figure 2.6) are usually a key
step and many facial analysis methods are built up on the accurate detection of those

landmark points.
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Figure 2.6 Facial landmark location
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For example, facial expression recognition and head pose estimation algorithms
may heavily rely on the facial shape information provided by the landmark locations.
The facial landmark points around eyes can provide the initial guess of the pupil center

positions for eye detection and eye gaze tracking.

Facial landmark detection algorithms aim to automatically identify the
locations of the facial key landmark points on facial images or videos. This detection
is challenging for several reasons. First, facial appearance changes significantly across
subjects under different facial expressions and head poses. Second, facial occlusion by
other objects or self-occlusion due to extreme head poses would lead to incomplete

facial appearance information.

The facial landmark detection algorithms can classify into three major
categories: Holistic methods, Constrained Local Model (CLM) methods, and the

Regression-based methods.

There are many existing facial landmark algorithms. From [21] study, there are
several observations found the Regression based methods achieve much better
performances than the Holistic methods and the Constrained local model methods,
especially on images with significant variations. They compare the efficiency

comparison of leading algorithms that are described by the following table.
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Table 2.6 The efficiency comparison of leading algorithm [21]

| Methods | _Type | Points | FPS____
DR 5 58

TCDCN
HyperFace DR 21 5
Consensus of Exemplars @ 29 1
3DDFA DR 68 13
CFAN DR 68 40
CFSS R 68 25
Supervised Descent Method R 68 30
3D Regression R 68 111
Explicit Shape Regression R 87 345
RCPR R 194 6
One I\:;ilésner;c;:? Face R 194 1000
Face Alignment 3000fps R 194 200 /1500

Where: Type H = Holistic methods, C = Constrained local methods,

R = Regression based methods, DR = Deep learning-based Regression methods

The results show that the One Millisecond Face Alignment, the Supervised
Descent method, and CFSS are good options considering both the speed and accuracy.
There are still a few problems with facial landmark detection. First, the current facial
landmark detection and tracking algorithms still have problems on facial images under
some conditions, including extreme head poses, facial occlusion, strong illumination,
etc. Second, facial landmark detection still heavily relies on the face detection
accuracy, which may still fail in certain conditions. Third, the computational cost for
some landmark detection and tracking algorithms is still high, that affects the real-time

processing requirement.

2.4.3.2 Eye detection

Because the most important symptoms are related to the activity of the eyes,
the eye region is always processed for symptom extraction in all driver face monitoring
systems. As a result, eye detection is required prior to processing of the eye region

[11]. Given an arbitrary face image, the coal of eye detection is to determine the
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location of the eyes. Simply in eye detection, the areas where both eyes are located

are found or two eyes individually localized.

A lot of work on eye detection area such as eye pupil movement detection,
eye feature extraction, eye state detection, eye gaze detection using different
techniques both in still images and in video sequences for real-time applications. This
type of work is more difficult in computer vision as detection or real-time tracking of
small details are highly affected from varying ambient conditions and result may easily

fail.

Eye detection is generally dependent on face recognition. With the help of
algorithms finding location of faces in images, eye detection methods show better
performance. There are new approaches that try to find eyes, without detection of

faces in images which also shows great performance [15]. The various of eye detection

methods can be shown in Figure 2.7.

How to find eyes in Capture Using Face
Computer Vision Video Detection

Eye Detection Using Facial
Using Eye location Landmark
Detection

Eye Detection
using Face Detection

Eye Detection

without using
Face Detection

ROI of Face

Figure 2.7 Eye detection methods flowchart

2.4.3.3 Head pose estimation

Head pose estimation is a crucial initial task for human face analysis, which is
employed in several computer vision systems, such as: facial expression recognition,

face recognition, head gesture recognition, gaze recognition, driver monitoring, etc. [22].

In computer vision, face pose estimation is defined as the process of deducing

the face orientation from the 3D coordinates in the world space to the 2D coordinates
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in the image space [23]. The face is usually modeled as a rigid object, with three DOF
in the pose characterized by three rotation angles: pitch, roll and yaw. Process can

describe by Figure 2.8.

How to find
Head Oreintation in
Computer Vision

Capture

. Face Detection
Video :

Use neccesary 2D
Get Roll, Pitch, Yaw Facial Landmark point Facial Landmark
of Head movement to create 3D coordinate Detection
of Head

Figure 2.8 Head pose estimation method flowchart

With a human head facing the camera, yaw is the angle of moving the head
left and right (rotation around the Y-axis); the pitch is that of moving the head up and
down (rotation around the X-axis); and roll is the tilt angle (rotation around the Z-axis)

as shown in Figure 2.9.

z
Roll

Figure 2.9 Head pose rotation angles

2.4.3.4 Mouth detection

Open or closed mouths are used to measure driver fatigue in some driver’s
hypo-vigilance detection systems such as yawning. In Computer Vision, there are two
methods to detect mouth. First is use feature object detection such as HAAR Casacde
trained with mouth image dataset. For more robust, some technique uses HAAR

Cascade mouth detection in Rectangle of interest area of face after found face. Second
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is to use mouth location from Facial landmark detection. The mouth detection

methods can describe in Figure 2.10.

How to find mouth Capture Using Face
in Computer Vision Video Detection

Using Facial
Landmark
Detection

Mouth Detection
using Mouth location

Mouth Detection

ROI of Face without using
Face Detection

Mouth Detection
using Face Detection

Figure 2.10 Mouth detection methods flowchart
2.4.4 Symptom extraction

In driver face monitoring systems, useful symptoms for fatigue and distraction
detection are classified into four broad categories: symptoms related to the eye region,
the mouth region, the head, and facial expression. The alertness and fatigue condition

relate to Table 2.1.
2.4.5 Decision algorithm

Algorithms of decision-making should be able to detect and take an appropriate
decision on driver fatigue and distraction. The shorter length of the decision algorithm
can detect driver sleepiness or distraction results in higher system performance. In the
meantime, a warning method is extremely important after driver hypo-vigilance

detection.

The detection of driver faticue and distraction based on the extracted
symptoms is discussed after symptom extraction. Classification problem is considered
as driver state determination. Two classes comprise the simplest form of this

classification: consciousness and unconsciousness.
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2.5 System design

Although the method for detecting fatigue or distraction is effective for achieving
a robust system, current driver face monitoring systems have two major issues: the first
is robust and precise detection and tracking of the face and facial components, and
the second is robust and precise symptom extraction. The following factors should be

considered when developing camera-based fatigue monitoring:
- Develop invariant illumination algorithms for face detection and tracking.

- Develop algorithms to monitor face and face components with skin color and

partial occlusion robustness (e.g., glasses, sunglasses)

- Developing robust driver face tracking algorithms in different directions

regarding head rotations.
- Fast processing is required to achieve real-time systems.

To develop the driver fatigue monitoring system, two parts that should concern
are Hardware part and Algorithm development. The system design should meet the
system requirement that describe in Table 2.7.

Table 2.7 The system requirement and system design relation

System Design

Hardware Design System Requirement Algorithm Design
Camera system with ability to Robust object detection
; . ) " Good accuracy ;
capture in various light condition . algorithm
Detection .
such as IR camera Need various dataset
High computational processor Real-time able . .
. . . Less complexity algorithm
Sufficient memory and storage processing
A Dri itori
Good Alert system component such Good Driver ccuracyal r:)\:’cietrhrrnnom oring
as buzzer, LED indicator light Alert System &

Need a lot of dataset

Small system device
Can use power supply from Easy to attach on vehicle
in-vehicle socket
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N

.5.1 Hardware selection

In this research the Raspberry Pi is the main processor, we need to select the
suitable component to make the overall system perfectly operate with usable in real
vehicle. The concern points to using in real vehicle is the sizing of the system, we need
it so small as we can. The installment positioning, we need it easy to attach and the
system can capture the driver in good position. The power supply needs to be easy.
In this following we are explain the component of the system.

2.5.1.1 Processor

The Raspberry Piis very popular for many portable processing projects because
of sizing, satisfy performance, and ease of use. In the first of this research, we used
Raspberry Pi 3B+ for the process, but we found some problem about processing speed
while running image processing. Then Raspberry Pi 4 released with more memory and
come with new processor, this is the best performance Raspberry Pi that ever had. So,
we describe the specification of two Raspberry model in Table 2.8.

Table 2.8 Raspberry Pi Specification Comparison

Raspberry Pi 3B+ Raspberry Pi 4B

Broadcom BCM2837B0 Broadcom BCM2711
CPU Quad-core Cortex-A53 Quad-core Cortex-A72
1.4Ghz 1.5Ghz
RAM 1 GB LPDDR2 SDRAM 4 GB LPDDR4 3200 SDRAM
. 2.4 GHz and 5.0 GHz 2.4 GHz and 5.0 GHz
e 802.11b/g/n/ac 802.11ac
Bluetooth 4.2 BLE 5.0 BLE
Connectivity 4 x U-SB 2.0 2X U_SB 3.0,2xUSB 2.0
40-pin GPIO 40-pin GPIO
. 2 x Micro HDMI
Display 1 x HDMI (1080p) (4k @6OFPS)
5V/2.5A DC 5V DC via USB-C (min 3A)
via micro-USB 5V DC via GPIO header

In term of performance, the comparison graph in Figure 2.11 and Figure 2.12

explain how fast the Raspberry Pi 4 have compared to the others [24].
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Figure 2.11 The CPU speed test comparison of Raspberry Pi all model
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Figure 2.12 The memory bandwidth test comparison of Raspberry Pi all model
2.5.1.2 Camera

The camera module of this system needs to capture the picture in various
lighting conditions and work compatible with the Raspberry Pi. Connect camera to
Raspberry Pi has two ways, first is connect by camera module cable [25] and the

second is connect by USB port [26].
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2.5.1.3 Memory card

The memory card plays an important role in Raspberry Pi performance because
of the Operating system have installed on it. The hish memory bandwidth of memory

card can make Raspberry Pi working in good condition.

Memory Card Benchmarks
Capacity: 32GB (Higher is better)

Sony €10 U3 |y 40.78
San Disk E xtrem o | 43.95
SanDisk Extrem e Pro Al | — | 1-87
Samsung Evo+ | T —13.92
Samsung Pro Endurance U1 | — | 4302
sam sung P ro+ |, 439

1] 5 10 15 20 25 30 35 40 45 50
Speed (MB/S)

B HDPARM Buffered m DD Write

Figure 2.13 Memory card benchmarks comparison on Raspberry Pi 4 model B

From Figure 2.13, two main parameters of this testing are Buffered and Write.
First is HDPARM Buffered, displays the speed of reading through the buffer cache to
the disk without any prior caching of data [27]. This measurement is an indication of
how fast the drive can sustain sequential data reads under Linux, without any
filesystem overhead. The second is DD Write, DD is a command-line utility for Unix and
Unix-like operating systems where the primary purpose is to copy a file and convert
the format of the data during the process. It is used to monitor the writing performance
of a disk device on a Linux and Unix-like system. From the Memory Benchmarks the
SanDisk Extreme and Samsung Pro+ are the highest performing of this class in both of
reading and writing performance. The next figure is the pricing comparison to choose

the best worthy in term of performance and pricinsg.
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Memory Card Pricing
Capacity: 32GB (Lower is better)

Sony C10 U3 490
SanDisk Extreme 250
SanDisk Extreme Pro Al 360
Samsung Evo+ 165
Samsung Pro Endurance Ul 660
Samsung Pro+ 590
0 100 200 300 400 500 600 700
Price (Baht)

Figure 2.14 The price of memory card group comparison

The cheapest memory card is Samsung Evo+ and the second place is SanDisk
Extreme which is the best in performance test. In this case the SanDisk Extreme is

worth the money per performance.
2.5.2 Algorithm selection

From the camera-based flowchart in Figure 2.3, the necessary algorithms are face
detection, facial feature extraction, and decision algorithm. The algorithm should be
accurate and have low complexity to be able to operate in real-time situations. The

suitable algorithm will be experiment in the research methodology.



CHAPTER 3

RESEARCH METHODOLOGY

The goal of this research is to develop a device to detect driver fatigue. In which
research requires development of both hardware and software algorithms. Hardware
development requires usability and installation to be a priority, while being able to
support well-developed software together. To develop an algorithm to be accurate, it
takes datasets to be tuned and repeatedly tested until the appropriate values are
obtained in real life conditions. The data used for testing should be as close as possible
to the actual situation. The data we need is Video data in which the driver's face is
recorded while driving to view various reactions. The important observation point is
that you should be able to see the whole face clearly, see both the eye and mouth
because there are important facial features that will be used to develop algorithms
for predicting driver symptoms. The following content describes the methods in each

topic from collecting data to completing algorithm development.

3.1 Data collection

The information we need most for the development of fatigue detection
devices is driving video recordings, especially video recordings of the driver's face

clearly.

For data collection, things to consider are the sample group that can really
represent the main target audience. The driving situation is very close to real driving.
The recording is well recorded, and the target can be clearly seen. The camera
mounting position corresponds to the actual device mounting on the car. All this in
order to obtain a dataset that can be used to further develop both the algorithm and

hardware related to the camera.

There are two sources of data we will use. First, use educational data from
trusted sources from The University of Texas at Arlington Real-Life Drowsiness Dataset
(UTA-RLDD) [28] dataset. Second is our own data collected according to different

situations. The advantage of using the data for education is that we can clearly know
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the level of driver fatigue from that file and have more comprehensive information
over a wide range of ages, more data with less time to record on our own. While the
data collection itself has the advantage that the sample will be more Thai people,

which is the main target group for development.

We will combine the advantages of both datasets in the hope that the
algorithms developed based on these datasets will enable us to implement them in

many situations while maintaining good accuracy.

3.1.1 Participants

For collecting the dataset, we are accepting an unlimited volunteer to participate

in the test with the following conditions.

Age 18 years or older and have a driving license.
- No gender limits.

- Participants are allowed to wear glasses or wear a hat while driving. Sunglasses,
masks, or other face coverings may not be worn during the test. (The test will

only have one participant with one observer after April 2020)

- If during the test the driver feels uncomfortable or has symptoms of illness.

The test can be canceled immediately.

Each of the above conditions is met to meet the required dataset, which is to
require a legally driven person. There is no maximum age limit. There are a variety of
data such as people who wear glasses or wear a hat while driving. But since we didn't
ask the driver to report sleep deprivation before the test, the data of those who are

sleepy is less.

In addition, during the data collection period, there was an outbreak of COVID-19
during which the government announced a lockdown. We therefore asked for more
volunteers online to record their faces when they were sleepy and send them to

Google Drive as another option.
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3.1.2 Scenario

For situations where video recording is used, we need an incident that occurs
during driving. It is difficult to record the driver while driving long distances due to
travel restrictions. Therefore, courtesy of a driving simulator to simulate driving was

used in this experiment. The system of driving simulator is described in APPENDIX A.

But if there is no dataset on the real car, it may cause the data to be missing
certain events that may occur in real driving, such as the location of the camera on
the actual car. Behavior of the driver that acts on the car, such as adjusting the rear
window, adjusting the radio, adjusting the air conditioner, etc. There are passengers in
the back row that might show up in the frame. sudden changes in lighting conditions,
such as driving out of a car park, driving out of the tunnel, etc. Having some datasets
recorded on the car should improve the accuracy of driver detection. Courtesy of
MTEC's converted electric car test program to record short driver behavior during city

test drives.

But in both scenarios, there may not be enough data on people who are sleepy,
so participants who voluntarily submitted videos of themselves sleeping drowsy were
asked for cooperation. While the government announced the lockdown can't go
anywhere accompanying this part of the information as well Therefore, for the

situations in which we collect the data ourselves, the following situations are included:

- Real-world driving scenario (as shown in Figure 3.1)

- Simulate driving scenario (as shown in Figure 3.2)

- Self-portrait drowsy situation (as shown in Figure 3.3)

It is expected that the information obtained will be comprehensive for different

driving situations. and in various driver statuses from alert to sleepy.
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manl.mpd man.mpd

Figure 3.1 Real-driving scenario video recorded dataset

beerSminVa_recut.mpd Dr_00to05Smin.mpd
Figure 3.2 Driving simulation video recorded dataset
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Figure 3.3 Self-portrait drowsy situation video dataset
3.1.3 Route and environmental

For driving route, we set the route on the simulator to find the fatigue of the
driver which from reports of road accidents due to dozing. The scene of the accident
usually takes place on a long straight road and in light traffic conditions. Therefore, we
used City Car Driving, a driving simulation game for an experiment. The game can
customize the environment, including lighting conditions, weather conditions, traffic
conditions, whether there are pedestrians in the city or not. Adjust road conditions

according to driving along the steering wheel side.

The test determined driving conditions based on Right-hand Traffic (RHT). The
route consisted mainly of long straight roads on motorways as shown in Figure 3.4. By
requiring the participants to drive a loop for 60 minutes or more in the afternoon light

conditions, which is another period when the driver's fatigue occurs inferior to
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nighttime. It is a time when the body is working hard to digest food and light conditions

that make it easier for eyesight to be tired than in the morning or in the evening.

Figure 3.4 Route use in driving simulator

The car used in the simulator is the Toyota Corolla Altis as shown in Figure 3.5,

which is the same model as the car used in the real-world driving scenario.

vehicle

colour

Figure 3.5 Vehicle use in driving simulator

The experimental conditions were set for the participants to comply with as

follows:
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- Try to drive in the same manner as when driving a real car. Adjust the sitting

position to suit the driver.

- Do not use speed while driving more than 120 km/h.

- Drive carefully, try not to hit objects in the game. Drive in lane.

In the experimental room, it is an air-conditioned room that provides comfortable
air in a relatively quiet environment. The test period is from 2 p.m. onwards, which is
when the body becomes more prone to fatigue. If the participant wanted to turn on

the radio, this was allowed.

3.1.4 Data recording

For recording data for real-world driving situations, iPhone 6 is used to record
the driver's posture. The installation position is above the dashboard with the camera
angle above the steering wheel as shown in Figure 3.6 (a), but not so high that it blocks

the driver's visibility.

Camera

position

(a) Camera position (b) Camera perspective

Figure 3.6 Data recording in real-driving condition

For driving simulation condition test from simulator, the webcam will be
installed in the same location as on the actual car as shown in Figure 3.7, above the

center console and slightly above the steering wheel. During the test, the driver's
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fatigue level refers to Karolinska Sleepiness Scale level (KSS level) was questioned

every 10 minutes from start driving for study the differential of alertness.

Figure 3.7 Camera position in simulate-driving condition

For situations where the volunteers were recording themselves from home,

they were asked to record a video with their faces clearly visible. It doesn't matter if

the video is captured vertically or horizontally, but don't let anything obscure any part

of the face. When uploading a video, participants will be asked to do a questionnaire

to assess their fatigue level and the period when they record the video. The data

collection in this research can summary in Table 3.1.

Table 3.1 Dataset collection to use in this research

Data Source Participants Condition Route / Data Collect
Environmental

Self-recorded
dataset

Educational
dataset

Volunteer

participants

UTA-RLDD [15]

Real-world
driving

Driving
simulation

Self-recorded

Real-world
driving

Self-recorded

Urban area

Light traffic in
motorway

Living area

Urban area

Living area

Portrait Video
Portrait Video
/ KSS level

Portrait Video
/ KSS level

Portrait Video
/ KSS level

Portrait Video
/ KSS level
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3.2 Hardware developing

For hardware development and design with pre-configured hardware for Raspberry
Pi 4 and Pi Camera NolR V2 which must design an integrated device that can be
installed in a car. The camera angle should give an image that comes out comparable
to the angle that collects the data. Collecting data on the actual car will allow us to
get the right position and distance between the camera and the driver. The things that

need to be considered in the hardware design are:

- The device must be easily installed on the vehicle. It can be used with the

power supply on the vehicle.
- The installed device can work. Easy to use.

- Video recording without obscuring the driver's vision.

3.3 Algorithm developing

The limitation of mini-computer boards such as the Raspberry Pi 4 is that its
processing potential is not high. The design and development of an algorithm should
consider two things: accuracy and processing speed. Processing speed affects the
system in real time because if it's one second late, it's not present. On the other hand,
even if the processing is fast, the system detects too many errors. It may cause the
driver to be so annoyed that they do not want to use it anymore. Algorithm

development should be balanced between these two things.

Our system focuses on detecting the driver's vital organs, including the driver's
face, eyes, and mouth, then converts the values from the images to numerical values
for further analysis of the driver's status. In the following section, it describes how the
algorithm of a system should be developed before the overall flowchart is summarized

in the final section.
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3.3.1 Dataset for object detection algorithms

In this study, we used self-collected datasets and educational datasets from other
studies for testing and tuning the detection algorithm. The dataset contains 15 videos

with 60 seconds long, 30 FPS. In 15 examples, the situation can be divided as follows.
A) Real-world driving condition without passenger (as shown in Figure 3.8 (A))

B) Long distance driving from driving simulator (as shown in Figure 3.8 (B))

(B) Virtual driving from driving simulator video dataset

Figure 3.8 Video dataset for object detection

This dataset will be used to testing the accuracy of detection algorithm in

subject 3.3.3 to 3.3.8.

3.3.2 Dataset for fatigue level (KSS level)

Driver fatigue observations rely on both the video dataset from UTA-RLDD
which the KSS fatigue level is provided, and the driver self-assessment data based that
describe in Table 3.1. This dataset will be used to study the relationship between the

behaviors of driver and KSS level. This relationship can describe in subject 3.3.9.
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3.3.3 Face detection testing

Face detection is the first and most important step of driver monitoring. In order
to work on the Pid as efficiently as possible, choosing a face detector to use is
something that must be very important. The detector that will be tested in the system

and be compared are:
- HAAR Cascade face detector (The Classical Face Detector)
- DLIB face detector (HOG + Linear SVM)
- MTCNN face detector (Neural Networks based)

The parameters that will be used in this testing to select which detector is more

efficient are:
1) Processing speed: measured by the FPS obtained while detection is in progress.

2) Accuracy: accuracy of locating people's faces from videos that can consider 3

variable values; Precious, Recall, and F1-Score.

The testing video dataset obtains the drivers’ face in every frame, no True negative
case in the detection test. The expectation of good detection is to have more true
positive events with a minimum of false positive and false negative. The higher

value of Fl-score is better accuracy. The FPS obtained while detection is high.
3.3.4 Face tracking testing

Face tracking uses a location recognition technique derived from face detection
that means Face Detector doesn't have to be active all the time. After the face
detector test from the previous section is complete, the acquired face detector will
be used with DLIB face tracking. By measuring the performance with the same
parameters as the face detection benchmark, whether using face tracking can improve

detection performance better than using only face detection.



38

3.3.5 Facial feature detection testing

In order to know the driver's status, observing the driver's face and converting
it to the status value is an important challenge. Commonly used tools in Python for
detecting facial organs include the DLIB facial landmark, or a specially trained detector
for detecting that organ that described in subject 2.4.3.

Capture

. Face Detection
Video

Feature Face Trackin Found Face
Extraction g Bounding Box Location

Head Orientation

DLIB Facial Landmark 68-points
Detection Facial Landmark

Eye aspect ratio

Mouth aspect ratio

Figure 3.9 Facial feature detection method

This testing measures how much the use of facial feature detector affects
processing speed on RPid. After that, accuracy will be measured.

3.3.5.1 DLIB facial landmark detector accuracy

Accuracy of the DLIB facial landmark detector can be measured by monitoring
the position of the 68 points of facial landmarks to determine how accurately the
organ position can be plotted. In this study, the plot locations were divided into five
parts for easy observation: the chin, eyes, eyebrows, bridge of the nose and mouth,
which were important reference locations as shown in Figure 3.10. If any part doesn't
match, the percentage of accuracy will be deducted by 20%, and if all positions are

correct, it will be 100% accurate.
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Figure 3.10 DLIB facial landmark importance location position

Table 3.2 shows an example of the accuracy measurement of a facial landmark

can be demonstrated.

Table 3.2 Example of DLIB facial landmark detector accuracy measurement

Facial feature landmark position Facial

Picture landmarks
Eyebrow

accuracy

OK OK OK OK OK 100%

OK NO NO OK OK 60%
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3.3.6 Facial feature extraction

Once the Facial Feature Detector has been tested, the next step is to convert
the feature detector gains to the driver status. The topics will be divided into each
important facial features as follows.

3.3.6.1 Head orientation testing

Head tilt can be monitored by taking the 68 facial landmarks points then
converting them from 2D location on the image to 3D location to obtain the head tilt
values for roll, pitch, and yaw respectively. The test is to observe whether the
algorithm can output in the right direction and how much computational power is
consumed by the framerate change in RPid. The result picture while process should

be like in Figure 3.11.

Figure 3.11 Head oreintation testing image result

3.3.6.2 Eye detection testing

As mentioned in section 3.3.5, this section will test eye detector to see whether
they can detect and convert the value to the eye state correctly or not compared
with ground truth event. Including the processing time from FPS to compare which

detector is more suitable for RPi4.

For detecting eye status from DLIB facial landmarks, Eye Aspect Ratio (EAR)

values are plotted. EAR values are derived from area calculations with locations from
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facial landmarks plotted around both eyes. The plotted area values are then compared

with the ground truth event. The EAR value approaches 0 as if the eyes were closed.

1]

Figure 3.12 Eye detection event accuracy

Ground truth

3.3.6.3 Mouth detection testing

For mouth state detection with the DLIB facial landmark, a similar area
detection technique is used for eye detection, which is called the Mouth Aspect Ratio
(MAR). By applying the MAR technique to a dataset with various events such as talking,
laughing, yawning, etc., This testing is for study that the MAR can be applied well to

faticue detection or not.
3.3.7 Optimization method for better signal clarify

In order to determine the position of the facial features as well as the signals
such as EAR, MAR value that will be obtained from the facial detector more clearly.
For example, the EAR value is more accurate from a clearer eye image in various
environments. This step will try to improve the image quality in various ways to see if
it can give a better result or not according to the following topics.

3.3.7.1 Image resolution

The larger the image resolution may bring the more accurate and clear
detection. In this experiment, four different video resolutions in 4:3 scale are taken

and tested for detection in Table 3.3.
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Table 3.3 Video resolution for signal clarify comparison

Video resolution (4:3) Video resolution standard

640 x 480 VGA
800 x 600 SVGA
1024 x 768 XGA
1280 x 960

This testing will show how different image resolution produces the signal format
of the detector, in terms of signal clarify and processing time.

3.3.7.2 Image equalizer

Another technique that is popularly used to improve image quality is to adjust
the lighting of the image. The benefit of adjusting the lighting conditions of the image
is to adjust the light in various situations to come out close to the best lighting

conditions, such as being able to adjust the image in the dark to see the object better.

For testing the image equalizer methods, the technique came from OpenCV to
determine which one is most suitable for the dataset being used. The measurement is
based on the accuracy of object detection and the resulting frame rate. The video

dataset that will be used in testing are:

1) The original file with resize down to 480p and then apply the enhancement
method. The resizing video is similar to the actual algorithm workflow to reduce

the processing load.

2) The original files at 720p size have been improved image quality by external
programs to make the object clearly visible. The enhanced HD video data is

used for better ground truth events.

The EAR value with ground truth of the event is recorded and compared with the
signal obtained by each technique of image enhancement, then the satisfied technique
in term of accuracy and signal will be summary. The improvement of the image quality

technique that was used in the experiment can be divided into sub-topics as follows.
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3.3.7.2.1 Histogram equalization technique

The first technique is image histograms with python-based tools will be

investigated as shown in Table 3.4.

Table 3.4 Improving image quality by image histogram equalizer on OpenCV

Enhancement
Method Parameters
condition

cv2.equalHist

(source: openCV library) Automatic
Clipping_hist%F N . Trial & error
(source: stackoverflow) Clipping hist percent best value
cv2.CLAHE - Clipping limit Trial & error
(source: openCV library) - Gridsize best value
a = 255/img.max() Image maximum brightness pixel Automatic

(source: stackoverflow)

3.3.7.2.2 Color similarity measure technique

This technique improves the original image to be in the same light as the new
image to be used as a reference. Therefore, this technique must ensure that the
reference image to be used has the best lighting conditions that are good for detecting
the subject well.

Source

(a) the reference image (b) the input image (€) the result image

Figure 3.13 Color similarity measure technique

From Figure 3.13, the image to be used as a reference image for lighting

conditions is figure (a), and the image that needs to be adjusted for lighting conditions
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is figure (b). After applying this technique, the result will be figure (c) that has been
modified to mimic the reference image.

3.3.7.2.3 Gamma correction technique

Gamma in photography is a non-linear operation used to define and decode
brightness values in images and videos, that means the gamma value can be adjusted
to change the brightness of the image. By adjust the gamma value until found the
good lighting condition, Figure 3.14 shows how adjusting the gamma values effects

the lighting conditions of the image.

Figure 3.14 Gamma correction technique

3.3.7.3 Crop and zoom technique

The author assumed that larger image resolution would help better object
detection, but on the other hand, larger resolution resulted in large file sizes and slow
processing. But if using a small image resolution and choosing to enlarge the image
only at the location of interest, it is expected that the advantages of both parts will
be obtained. The first part is the processing speed as the operation of a small file, and
the next is that the signal pattern from the object is as clear as the large image. This
technique zoom-in the bounding box area of driver that will be described in the
following topics.

3.3.7.3.1 Crop and zoom in object method

The object zoom-in method is enlarging the image after the object has been
detected as shown in Figure 3.15. This method ensures that the driver can be detected
if the driver is not exactly centered in the frame. For example, bending over to collect

things, bending over for radio tuning, etc. While this method may be a bit slower than



45

the first method because of more step to process as shown in Figure 3.16, but it is

expected to provide more accurate.

(0,0) (Top, Left)

>

(640,360)
= (Width, Height .
Input image (Wi ght) Crop & zoom image
1%t Face detection start 2nd Face detection start
for new image crop area for fatigue calculation

Figure 3.15 Crop and zoom in object method

Start
Capture an image from video stream Original
720p
Resize resolution to 640 x 360 ]
Convert to grayscale image
Run Haar-cascade Face detection Input
360p
Get face bounding box location
Use BB location for crop the image |
Get new crop image and expand to =
width = 640
Crop
Run Haar-cascade face detection " 640xW
Find facial landmarks and next process... =

Figure 3.16 Crop and zoom in object flowchart
3.3.8 Symptom extraction

After object detection section, the next step is to convert the acquired signal
such as EAR, MAR, or head rotation angles into symptom. The importance of detecting

faticue usually occurs mainly in the eye area followed by the head and mouth area.

One thing to be aware of is the Raspberry Pi itself may not be able to diagnose
multiple symptoms at once, although observing multiple symptoms at the same time

can analyze the driver status more accurately. Choosing to improve the one important
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symptom may be more beneficial for the system. In this research, symptoms of interest
to be used in driver fatigue analysis are divided into the following topics.

3.3.8.1 Blinking detection and blink duration

From 2.1.2, says that the symptoms of people who start to fatigue are blinking
more often to forcibly waking up, at the same time blinking intervals slowed until the
eyes were unable to open. Therefore, blink detection is an important parameter, which
well detected can determine the duration of each blink. There are three methods for
finding blinking by using EAR values as follows:

Table 3.5 Eye blinking detection based on EAR values methods

Source Eye feature Blink Drowsiness
extraction detection detection

PyimageSearch.com EAR < 0.3 for 16 frame

https://pyimagesearch.com/2017/10/23/raspberry-
pi-facial-dandmarks-drowsiness-detection-with-
opency-and-dlib/

PyimageSearch.com EAR EAR <0.3 for 3 frames
https://pyimagesearch.com/2017/04/24 feye-
blink-detection-opencv-python-dlib/

Tereza Soukupova and Jan Cech  EAR EAR < 0.2 for 0.2 second

Real-Time Eye Blink Detection using Facial

[ . EAR by SVM method

This research EAR EAR low peak detection  EAR lowest under Z-score
using Z-score boundaries

From Table 3.5, the method of this research use is also included. Because using
values from thresholding alone may be inaccurate. In Tereza and Jan's method [29], it
was found that using an EAR < 0.2 for 0.2 second gave a lot of error, so they switched
to event training with SVM instead. But since the system of this research is not
equipped with additional computational devices such as Google Coral that will do this
kind of task better. Other techniques are using the EAR value thresholding and

converting it into a blink event.

This research intends to use the Z-Score peak detection to detect blinking
event by detect the lower peak of the signal as shown in Figure 3.17, which is a signal
indicates eyes closed. Hopefully it will improve blinking detection more accurately

than using thresholding alone with less computational power.
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Figure 3.17 Eye blinking detection using Z-score peak detection method
3.3.8.2 Yawning detection

Yawning is one of the symptoms that clearly indicate drowsiness. In this study,
mouth events were observed using a method similar to the observation of eyes by
finding a mouth aspect ratio (MAR). However, mouth tends to have more events than

eyes, such as talking, laughing, etc.

This experiment will be investigated by observing the change in the MAR value

compared to the time it occurs to be able to determine the yawning event.
3.3.9 Fatigue level and Eye aspect ratio (EAR) relationship

This research focuses mainly on fatigue detection by observing the EAR value.
Therefore, in order to make the detection more effective, this section studies the EAR
values by level of fatigue to be set the conditions for decision-making of the monitor

algorithm.

The video dataset from 3.3.2 will be used for correlation, with each video

having a KSS level. The KSS fatigue levels are grouped into 3 groups based on BORS
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levels for easier grouping. The parameters used in the study were EAR, blinking rate,

and blinking speed.
3.3.10 Driver fatigue monitoring algorithm

After testing the performance of each detection topic as shown as Table 3.6
on the RPi4 and selecting the appropriate one, including finding the relationship
between the level of fatigue and the important parameters. The final step in algorithm
development is to combine the results of each topic to form the main algorithm as

shown as Figure 3.18.

After the main algorithm is obtained, the videos are tested again with both the
3.3.1 videos file and other video files, measuring the accuracy and processing speed to
ensure that the main code will still work fine. The parameters to measure are FPS, F1-
Score, and ground truth eyes events.

Table 3.6 The algorithm develops section

Algorithms develop section Tools Parameter
- HAAR
- FPS
3.3.3 | Face detection - DLIB
- Fl-score
- MTCNN
- FPS
3.3.4 | Face tracking - DLIB tracking
- Fl-score
- FPS
- DLIB facial
3.3.5.1 | Facial feature landmark - Landmark
landmark
location
- FPS
Head - DLIB facial
3.3.6.1 _ . - Roll, pitch,
Facial feature orientation landmark
yaw
extraction
Eye - DLIB facial - FPS
3.3.6.2
detection landmark - EAR
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- HAAR eye - Blinking
detector event
- MAR
Mouth - DLIB facial - Mouth
33.6.3
detection landmark opening
events
- FPS
Image - Resize video
33.7.1 . - EAR signal
resolution command (CV2)
pattern
- Histogram
Optimization
equalization
for signal clarify - FPS
Image - Color similarity
33.7.2 . - EAR signal
equalizer - Gamma
pattern
correction
- Crop and zoom
- Thresholding
Symptom Blinking - Blinking
3.38.1 . . - Z-score peak
extraction detection event
detection
Yawning
3.3.8.2 - Thresholding - MAR events

detection
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Figure 3.18 This research driver faticue monitoring algorithm flowchart



CHAPTER 4

RESULTS AND DISCUSSIONS

From the hypothesis for the development of the algorithm in CHAPTER 3 and
collecting driver data for studying fatisue behavior. Here are the results, including the
problems encountered in the experiments, as well as testing whether the developed

algorithm can work effectively.

4.1 Dataset collection

Data collection in this research as previously described, involves three ways of
collecting data: from the actual vehicle recorded by iPhone, using a driving simulator
recorded by Logitech webcam, and asking to record video of self-portrait sent from
home. Fatigue level questionnaires were asked by observers in simulation driving

situation and the participants answer in google form from home video data.
4.1.1 Participants

From three sources of video record data, the number of participants is 64

people. Table 4.1 show the number of participants by each condition.

Table 4.1 Join participants in this research

@lelglelyilely With fatigue Without With fatigue Without
level asking questionnaire level asking questionnaire
Real-world
- 7 - 5
driving
Virtual
8 12 9 9
driving
Self-recorded
10 - a _
from home
Total 37 27
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4.1.2 Driver behaviors relation with fatigue level

The video data and KSS level questionnaire from recorded will transform to
important parameters relate to fatigue level. The interest symptom parameters from
videos are blinking rate and blinking duration. These parameters can thresholding the

faticue condition relate to eye value signal.

The following chart describes the symptom parameters related to three fatigue
levels in B-ORDS level: alert state (KSS lv.1-5), drowsy state (KSS lv.6-7), and micro-
sleep state (KSS v.8-9). Data recording using various sources to make the data neutral

for anybody.

Blinkrates
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Alert Drowsy Microsleep

Alertness level

Figure 4.1 Alertness level and blink rate relation

From the Figure 4.1, the blink rate value of the three level of alertness is not
much different, the median value is around 30 blinks/min. The Alert state has a much
blink rate than Drowsy level because some drivers are more focused and nervous on
driving, the eye has response rapid that make blink rate high. Some drivers focus on
the road without blinking an eye that makes the blink rate low. The Drowsy state shows
more frequent in minimum blink rate, the eye has some fatigue occurred that made
driver need to blink more but at the same time less focus the made the blink rate not

much higher. The Micro-sleep state shows the blink rate value looks similar to alert
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state but in different reason. The eyes have much fatigue that need to sleep but the
driver force to awake that made the eye has more blink than drowsy state. Therefore,
this parameter cannot show the clearly different value to threshold the driver state.
Next parameter is blink duration chart related with alertness level if this parameter is

appropriate.

Blink duration
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Figure 4.2 Alertness level and blink duration relation

From the Figure 4.2, we can see the clearly different in blink duration time. The
blink duration depends on alertness level the short blinking means alertness, the more
blinking time mean more sleepiness similar to information from Table 2.1. Therefore,
to indicate the driver status the blink duration time more than 0.24 second per blink
can determine the driver is in drowsy state and the blink duration more than 0.4
second per blink can determine the driver has a high risk to enter the micro-sleep
state. The blink duration value can be used in drowsiness algorithm to indicate the

driver status.

From virtual driving dataset who answered the fatigue level in Table 4.1, we
can find the relation between the fatigue level and time. The following chart will show

the relation between KSS level and time of driving.
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KSS fatigue level observation while driving
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Figure 4.3 KSS level observation from virtual driving dataset

From Figure 4.3, the fatigue level tends to increase depend on longer time. The
majority of datasets have level changes after 10 minutes pass and the driver state start
from alert and ends in drowsy state. Some drivers can stay in alert state until the end
of driving. Some drivers have fall asleep while driving (KSS lv = 10) after 25 minutes
pass, then after becoming conscious again they try to keep awake, but the level cannot
decrease to drowsy state just stay in micro-sleep state. Therefore, in boredom
conditions such as this virtual driving condition the fatigue level tend to increase after
10 minutes pass and if the driver fall into the micro-sleep state, they cannot comeback

to more refresh state if they not have a break.

In this study we choose to focus on how to detect the driver in danger state
as micro-sleep state with the clue we got from the dataset: have longer blink duration

with some insane eye blink rate (over 60 blinks per minute).
4.1.3 Data collection problem

For problems encountered in collecting datasets, some cause will describe

here to prevent the future work or other work from the disturbed thing including:
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1) Camera angle and camera distance

In data collecting, there is a problem with the camera tilting for one person,
making the dataset that gets the camera angle not quite like a real driving. In collecting
data from home, often the data is recorded vertically, which is not the same as the

camera angle used in the experiment.
2) Gestures

In collecting data, the behavior of the driver, especially the real driving caused
the recording of the driver's face to come off the frame somewhat. Collecting data
from the simulator was found that some people slouch while driving, causing some
faces to be obscured by the steering wheel, which may affect the accuracy of face

detector.

3) Various of fatigue datasets

As the majority of the data collected on volunteers were not hired or paid,
most of the fatigue levels collected tended to be similar. For collecting data with high
levels of fatigue due to an unforced request that the subjects had to go to sleep
before the driving test began. This makes the data for people who are sleepy quite a

few. Some important data are not recorded such as age, driving experience, etc.

However, the experiment using the afternoon time after lunch showed that
some people fell asleep during the test, which was hypothetical. Including collecting
data on sleepy people from home and using datasets for education is enough to help

solve this problem of diversity.

4.2 Detection algorithm

In algorithm development, the first step for driver monitoring is the driver face
detector. Accuracy is necessary for any detection algorithm, but the processing speed
is important for Raspberry Pi too. The following are the components of object

detection algorithm in concern with accuracy and processing speed.
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In this research, we have tested the part of algorithm on MacBook Pro with
same environment as Pi. If the result works well on MacBook Pro, then the part of
algorithm will apply on Pi and display the result on Pi, if the result on MacBook is not

working well, we only show result on MacBook and no need to test on Pi.

4.2.1 Dataset for object detection

The dataset for object detection record in 3 situation and can divide into 4
categories as explained in 3.1.1. While testing, the driver’s movement and light
condition affect the accuracy of object detection, for more effectively we divide the
video categories by driver movement and light condition are ease to compare to driving
situation.

Table 4.2 Dataset for object detection in term of driver movement

Driver movement
Driving situation similarity

and light condition

Stable movement
Frontal looking 4 Driving on straight road in daytime

Bright light condition

Stable movement
Frontal looking 4 Driving on straight road in low light place

Dim light condition

Frequent movement
Look around 4 Driving on urban road in daytime

Bright light condition

Frequent movement
Look around 3 Driving on urban road in low light place

Dim light condition

Total 15
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4.2.2 Face detection

For testing the processing speed can be measured by the average number of
framerates obtained. If the detector can process faster, the value should be closer to
the original file. The detector with the highest framerates is considered to use less
resources and could process in near real-time. The following figure shows the
framerates that three detectors process compared to each other.

Face detection: Framerates (RPi4)
(Higher is better)
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Figure 4.4 Face detection framerates comparison process on RPid

From the framerates result in Figure 4.4, it was found that HAAR Cascade gave
the highest framerate around 14.2 FPS. It is 4 times than the DLIB face detector around
3.68 FPS. MTCNN, a Neural Network detector, gave the lowest frame rate around 1.90

FPS due to high power in computation.

On accuracy topic, since the driver's face is present in every frame of video
data, there are no true negative (TN) cases in this test. The expectation is that the true
positive (TP) events must be maximized in the test while the false positive (FP) and
false negative (FN) events are kept to a minimum. The following are the results of the

experiments of each detector to see how well faces are detected.
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Face detection: True positive events
(Higher is better
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Figure 4.5 Face detection object detection comparison

From Figure 4.5, it was found that in most scenarios DLIB face detector
delivered the most frames with TP events and the least FN events compared to the
other two detectors in the same video, but with the other two detectors can do quite
well. Next stage is to find the precision, recall and F1-score values to show the overall

accuracy of the detector clearly.
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Face detection: Precision
(Higher is better)
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Figure 4.6 Face detection precision value comparison

Figure 4.6 show that both DLIB and MTCNN provide high precision value in most
situations, but HAAR performs well in some bright light and frontal looking situations.
HAAR Cascade's precision value is low because it not only detects many true positive

events but also many false positive events as well.

Face detection: Recall
(Higher is better)
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Figure 4.7 Face detection recall value comparison

In testing, the highest recall values came from DLIB, which performed best in
all situations. MTCNN came in second, and HAAR came in last place. DLIB and MTCNN
can detect the face in various angles, that is the reason of less false negative event

and considered a weak point of HAAR because to detect in very tilt angle.
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Figure 4.8 Face detection Fl-score comparison

Based on the results of the F1-score, which overall measures which detector

performs the most accurate. DLIB is the best-performing detector covering a wide range

of tilting angles. Second is MTCNN, which performs best various angle facing but still

misses some frontal face detection, and the last place is HAAR Cascade which detects

frontal faces quite well, but slant face detection is poor. The following table shows

the average value of all parameters from 15 videos dataset.

Table 4.3 The comparison of face detector performance in all conditions

Face Detector

Subject
HAAR Cascade

Framerates (FPS) 14.21 3.68 1.90
True Positive events 1597 1704 1610
False Negative events 178 94 178
False Positive events

317 1 15
(Ghosting)
False Positive events

45 1 1
(Face overlap)
Precision 0.839 0.999 0.990
Recall 0.897 0.947 0.901
Fl-score 0.800 0.969 0.937
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From Table 4.3, it clear that in terms of processing speed, none of them can
compete with HAAR Cascade. In terms of accuracy, both DLIB and MTCNN are very
accurate. But HAAR wasn't bad either, being able to give more than 70% accuracy. The
following table will describe the accuracy value depending on the situation refer from
Table 4.2 to better understand the face detector characteristic.

Table 4.4 Face detection accuracy comparison in each condition
Precision Recall F1-score

Stable movement / Frontal looking / Bright light condition

4 videos - (Driving on straight road in daytime)

HAAR DLIB MTCNN | HAAR DLIB MTCNN | HAAR | DLIB | MTCNN

0.760 | 1.000 0.998 1.000 | 0.997 0.943 0.849 | 0.999 0.967

Stable movement / Frontal looking / Dim light condition

4 videos - (Driving on straight road in low light place)

HAAR DLIB MTCNN | HAAR DLIB MTCNN | HAAR | DLIB | MTCNN

0.913 | 1.000 0.977 1.000 | 1.000 0.947 0.950 | 1.000 0.958

Frequent movement / Look around / Bright light condition

4 videos - (Driving on urban road in daytime)

HAAR DLIB MTCNN | HAAR DLIB MTCNN | HAAR | DLIB | MTCNN

0.876 | 0.997 0.995 0.887 | 0.958 0.937 0.808 | 0.976 0.962

Frequent movement / Look around / Dim light condition

3 videos - (Driving on urban road in low light place)

HAAR DLIB MTCNN | HAAR DLIB MTCNN | HAAR | DLIB | MTCNN

0.798 | 1.000 0.995 0.636 | 0.796 0.735 0.527 | 0.879 0.838

From Table 4.4, the HAAR can detect well in frontal looking in stable movement
condition even in dim light. If the object has frequent movement and looks around,

HAAR can work well in bright light than dim light condition.
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DLIB can perform well in any situation with highest accuracy but also has a
chance to miss some face detection if the object has frequent movement and looks

around in dim place. MTCNN look like DLIB with less accuracy around 3.2%.

We can summary that if the object looks frontal and has less movement, the
detector can do it well even in dim light. If the object has more movement and looks
around, the brightness is a necessary factor of accuracy. In this research, we are looking
for an algorithm to detect drowsy driving. The majority of drowsy accidents occur on
long straights where the driver has to look straight ahead more consistent with the first
two scenarios from Table 4.4, which every detector can work well in this situation. In
this section, we will choose two detectors to develop in the next section: HAAR with

the fastest processing speed and DLIB with the highest accuracy.

4.2.3 Face tracking

Face tracking is a popular technique used to help better detect the position of
a face by remembering the position of the face in subsequent frames after the detector
has detected in the first frame. Eliminating the need to search for a new face position
in every frame, which reduces the processing load and helps in the accuracy of bringing
information on the target face to be processed further because it can be confident

that it is the same person's face in case of more people entering the frame.

The following flowchart presents the working principle of face tracking from the
beginning to finish. There are two important parameters in the process: face tracking
status and tracking quality. The first one remembering the position of the face. If there
is no value, then the face position is not remembered, the face search must be
performed first. The second parameter is the value that tells whether the face is still
in its original position. If the driver moves a lot from its original position or there is

something obscuring the face at that moment, the value will be as low as near zero.
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Capture Video

Face Tracking
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Face detection

Found Faces Bounding

Box location

Face Found
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Choose proper
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Tracking
quality high?

Face tracking = NO Face tracking = YES

Figure 4.9 Face Tracking Flowchart

From Figure 4.9, in the event that more than one bounding box (BB) of face

position is found such as Figure 4.10(A), selecting the position to be recognized is an
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important step. Even if there is only one face position, how can ensure that it is the

correct face position such as Figure 4.10(B).

(C) Face overlapping BB (D) Correct position

Figure 4.10 The Bounding box location of detected object

Human face tracking is generally a method of choosing where to recognize face
location from the largest bounding box size in the case of multiple bounding box
locations such as Figure 4.10(D). However, the biggest bounding box is not assured that

are the needed object such as Figure 4.10(C).

The chance to choose the correct position, the necessary parameters of each
face detector should be studied to define the characteristic of each detected event.
The HAAR and DLIB have the same parameters in every BB, box size and confident
level. About the BB sizes, both detectors have the same kind of data: width and height
of BB in pixels. The BB shape of HAAR and DLIB is square shape. The confidence level
of BB is float value. HAAR confident level value can be a negative number while DLIB

is only positive number. If we can find the relation of BB size and confident level of
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the true positive and false detection events, we can separate the value to make face

tracking more accurate position.

Confidence level
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Confidence level

16

11

13

16

11

HAAR face detection: all events

® Passenger

)
: S .. * Driver
e e Overlap
e Ghosting
0 50 100 150 200 250 300 350 400

BB sizes (pixels)

(A) All events of bounding box in scatter chart

HAAR face detection: True events
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(C) False events in scatter chart

Figure 4.11 The HAAR face detection bounding box event comparison
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From Figure 4.11, the detection events between true and false events can
divide by bounding box size. The false events have mainly BB size between 50 to 100
pixels and the confidence level in positive value as shown in Figure 4.11(C). The true
events detection can clearly classify the driver and passenger by BB size that can see
two group of BB size as shown in Figure 4.11(B). From the driver events, we can see
two small group of events because of two videos of dataset have far distance of
camera record setup around 90 centimeters while the others have camera distance
around 40 to 70 centimeters that similar to the distance in real-driving recording

distance.

(A) Far distance camera video (B) Normal distance camera video

Figure 4.12 Camera distance between two group of driver events

For make the algorithm suitable for real-driving conditions, we need to cut off
some far distance camera dataset. Then using new data to analysis which is the best
value to detect the driver. Normally, much research uses linear separability to classify
the necessary data from all data, but from this research we need the quadrant cut
because this has both parameters between BB sizes and confidence level. For more
driver event detection, the following table shows the frequency of events in both

parameters.
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Table 4.5 The HAAR bounding box of all events in histogram chart

Bounding box sizing Confidence level
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From Table 4.5, we found the Overlap and Ghosting events have characteristic
in right-skewed distribution of BB sizing by smaller than driver event that can easily
classify. Therefore, threshold value of BB sizing starts from 109 pixel that can classify
the amount of event data are driver event 100%, passenger event 0.35%, overlap

event 42.76%, and ghosting event 18.89%.
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From confidence level, every event has characteristics in normal distribution
except ghosting event that is double-peaked distribution. For less false events
detection, in this research choose thresholding confidence level more than 2.74 that
just after the second peak of ghosting event. Therefore, threshold value of confidence
level starts from 2.74 that can classify the amount of event data are driver event
94.21%, passenger event 69.68%, overlapping event 46.71%, and ghosting event
29.78%.

HAAR face detection: all events

Confidence level

0 50 100 150 200 250 300 350 400
BB sizes

® Driver @ Ghosting ® Overlap

Figure 4.13 The quadrant cut of HAAR detection event
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DLIB face detection: all events
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Figure 4.14 The DLIB face detection bounding box event comparison
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From chart in Figure 4.14(A), the BB sizing is not distributed in any pixel that

mean the DLIB face detection has trained in specific BB sizing but not limit in

confidence level that has distribute value characteristic.

Table 4.6 The DLIB bounding box of all events in histogram chart

Bounding box sizing

Confidence level

Driver
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False positive
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False positive

[0.00,0.14] (0.14,0.27] (0.27,0.41] (0.41,0.55]

From Table 4.6, because of the amount of event has too much gap that have

not significant to classify by confidence level. The BB sizing below 100 pixels has false

positive event than driver event that can be acceptable to thresholding event by using

the BB sizing start from 100 pixels.

Next step is testing the face tracking in two methods; 1) face detection using

face tracking from the biggest bounding box and 2) face detection using face tracking

with parameter thresholding then compare two methods with face detection only.

This comparison makes for better development of detection algorithms in RPi4.
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HAAR Face detection methods: Framerates
(Higher is better)
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(B) DLIB face detection with face tracking framerate comparison

Figure 4.15 Face tracking framerate improvement comparison

From Figure 4.15, using face tracking can increase framerates significantly. HAAR
face detection with face tracking can increase framerate 192% and DLIB face detection
have huge framerate increasing about 3 times (320%) compared to not use face
tracking. In face tracking comparison, using parameter thresholding does not have

significant framerates change.
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Figure 4.16 Face tracking in False negative events comparison

Table 4.7 Face Tracking and Face Detection frame-to-frame comparison

Face detection only Face detection with face tracking

! w
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For frames that are undetectable using Face tracking, most of them are due to
the presence of too many obscuring objects for the Tracking Quality value to be too
small to recognize the faces. Although in some situations there is no object obscuring
the face, there is a chance that HAAR itself will not be able to detect the face as shown

in the following figure.

Therefore, for the further development of the algorithm, the driver face
detection part will use face tracking with confidence level checking as the main

development.

4.3 Drowsiness algorithm

After coming up with a way to detect faces as accurately as possible, the next
step is to analyze the symptoms from the faces to detect the status of the driver.
From Figure 3.9, it explains how in Computer Vision there some methods are used to
analyze organs before converting the obtained values into driver symptoms at that
time. In this study, three important organs were analyzed: the head, eyes, and mouth.
The following is an experiment with each extractor to see what symptoms it can detect

and how it performs when processed on RPi4.

4.3.1 Facial features detection

DLIB Facial Landmarks is an important tool for facial features detection. This
extractor used to predict the position of facial landmarks in 68 locations. In the study,
68 points could be plotted to determine head tilt, eye blinking, and yawning. The

working principle in this experiment can be explained by the following flowcharts.
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Capture Video

Face detection

Found Face Bounding Box location

Face Tracking

DLIB Facial landmark detection

68-points Facial landmarks

Feature Extraction

Figure 4.17 DLIB Facial Landmark Flowchart

The addition of this process must be considered in the Performance section,
to see how well it is suitable for use in the main algorithm, which is divided into two

sections, processing speed and accuracy.

Processing speed is slow or fast can be seen from the frame rate obtained by
processing. The following figure shows a comparison of frame rates between 1) face
detection alone, 2) face detection using face fracking and 3) face detection use face

tracking with facial landmark detection is used.
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DLIB facial landmark: Framerates
*Process on RPi4 with video display (Higher is better)
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Figure 4.18 DLIB facial extractor framerates performance

From Figure 4.18, the use of DLIB facial extractor results in lower framerates
compared to face detection but there are cases that perform better than using the
HAAR face detection alone. This is a tradeoff to perform more functions. The framerate
obtained by acquiring a Facial Landmark was 6.80% slower than using face Tracking
with level cut, but still 5.13% faster than using pure HAAR face detection, which is not
a significant difference. The result process on RPid4 with video display that made the

framerate lower than the framerate comparison in Figure 4.15(A).

The DLIB facial landmark accuracy measurement uses the five organ landmarks
observation principles as shown in Table 3-1 to facilitate the percentage accuracy. For
the example to be used to observe the accuracy here, 7 examples are selected in the
following situations. 2 examples from driving simulator, 3 examples from city driving

situation, and 2 examples from self-portrait recorded.
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(A) Corrected facial landmark position

H

L

(B) Wrong facial landmark position

Figure 4.19 DLIB facial landmark detected position

The example from Figure 4.19(A) shows how the correct position detection can
be achieved. Although some parts of the driver's face are off frame, the DLIB facial
landmark itself tries to predict the position of the chin to match the rest of the face

that is not obscured.

Sometimes the DLIB facial landmark is unable to accurately predict the facial
feature landmarks that show in Figure 4.19(B). We should investigate the results of the
experiment in each sample. But preliminary hypothesis that it is probably caused by
low light conditions, or drivers often turn into critical angles which is the same reason

that makes face detection fail.
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Table 4.8 DLIB facial landmark prediction results from observation

A: Frontal / Bright | Drivingsim#2 1 Good

Good
A: Frontal / Bright | Drivingsim#4 1

Eye position: Not Good

B: Mix / Bright Altis #2 1 Not Good
B: Mix / Dim Altis #4 4 Good
B: Mix / Bright Altis #5 1 Good
B: Mix / Bright UTARDD #1 1 Good
C: Frontal / Dim UTARDD #2 1 Good

From Table 4.8 above, it is stated how many cycles face detection runs as well,
because face detector runs one cycle to get the original bb position, after that face
tracker will always try to insert a position based on that initial position. If the face
detector has started working several times, it means that the driver may turn the face
away from the camera angle that difficult to detect or have something covering the

face for a long time until the tracking quality value is too low.

Determining whether the case was good or bad predicted the position was
based on observations from the video files by the researcher. Most of the examples
have a single round of face detection. The driver's face does not have moved from
the original position much, making the facial landmarks positioning good. For cases
where the position is poor, it is necessary to study what factors contribute to the wrong

position prediction. Including cases where the face detector works often.

The following table will show the image in the poor case videos start from the
first frame and the following frame, where some frames the landmarks position is
starting to distort to determine what factors are involved. There are 3 examples of

cases that do not predict the position well.



Table 4.9 The image from poor facial landmark detection case

Case: AltisEV#2

Frame: 1

Confidence level: 3.81
Tracking quality: 30.67
Landmark: 100%

Frame: 148

Tracking quality: 11.17

Landmark: 90%

o~
Frame: 656

Tracking quality: 17.75

Landmark: 0%

Case: AltisEV#5

Case: Drivingsim#4

Frame: 1

Confidence level: 7.09
Tracking quality: 21.88
Landmark: 100%

Frame: 1

Confidence level: 5.44
Tracking quality: 30.67
Landmark: 100%

Frame: 661
Tracking quality: 11.60
Landmark: 10%

¥

Frame: 1226

Tracking quality: 18.96

Landmark: 80%

Frame: 774

Tracking quality: 15.89
Landmark: 90%

il +.

Frame: 1397
Tracking quality: 13.89
Landmark: 90%
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From Table 4.9, all case has miss alisnment position after the facial landmark
detect for a while especially the case that have frequent movement such as Altis#2
and Altis#5. The frontal looking stable movement case as Drivingsim#4 has a few miss
alignments as seen in frame 1226 when the driver closing eye, but in this case, the
driver has no eyebrow that maybe made the DLIB facial landmark detector has no clue
about eye and eyebrow location. Finally, this table can summary that the tracking
quality value in frontal looking much higher than side looking and it has no relation

with facial landmark position.

Therefore, from experiments in many cases where the facial landmark locations
were wrong, it was found that two factors affecting the accuracy. First is subject had
been facing into a critical angle often that make landmark detector predict wrong
location. Second is the driver’s face is obscured in key reference points such as
eyebrows, as in Drivingsim#4 case that has been explained before, making the
prediction of eye position distorted. In the case of Altis#EV5 that the face detection
has run 4 rounds, we found something interesting.

Table 4.10 The facial landmark detected with several face detection

Frame: 1 Frame: 661 Frame: 774
Confidence level: 7.09 Confidence level: 7.09 Confidence level: 7.09
Tracking quality: 21.88 Tracking quality: 11.60 Tracking quality: 15.89

Landmark: 90%

Landmark: 100% Landmark: 10%
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Frame: 998
Confidence level: -
Tracking quality: -

Landmark: -

Frame: 1004
Confidence level: 7.96
Tracking quality: 11.39
Landmark: 100%

Frame: 1034
Confidence level: -
Tracking quality: -

Landmark: -

Frame: 1402

Confidence level: 5.21
Tracking quality: 8.70
Landmark: 90%

Frame: 1456
Confidence level: 5.21
Tracking quality: 13.07
Landmark: 100%

l‘ ,4-_‘_4-
<
Frame: 1743

Confidence level: 6.65
Tracking quality: 17.78
Landmark: 100%

From Table 4.10, the several face detection cases make the facial landmark

position precious alignment even the driver has turn to side-looking several times.

When face detection starts again, miss alignment facial landmark position will correct

again. Therefore, if we settle the amount of frame to restart face detection or call

“refreshing frame” to refresh the face location then facial landmark position will be

more accurate in long-term. In the following flowchart show the refresh frame

technique with refresh every 100 frames.
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Figure 4.20 Facial landmark detection with refresh frame technique



Table 4.11 Facial landmark frame comparison between normal detection and

refresh frame detection

82

Without refresh frame

Frame

505

With refresh frame

1698

Therefore, in order to detect organ position more accurately than ever, it is

assumed that if using the face detection frame refreshing technique, the face detector

will be forced to reactivate every time after a preset number of frames has been

reached in order for face tracking to be update the latest face location more frequently

to significantly reduce errors in predicting facial landmarks.

4.3.2 Facial feature extraction

When the facial landmark position of driver has been detected, the next thing

is extracting the position to be facial feature. The following topic are necessary facial

features that can convert to driver status. The using amount of facial landmark points

depends on each facial feature.
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4.3.2.1 Head extraction

Head extraction using 16 points of 68 points DLIB facial landmark to create
rectangle box of the driver’s head and using 5 points around nose tip as a reference
point. The head extraction can get roll, pitch, and yaw angles of head rotation. The 13
examples are used in head extraction testing. The following chart shows the testing

result in terms of processing speed and accuracy.

Head extraction: framerates
*Process on RPi4 with video display (Higher is better)

16

1

o 1N 00 N
Y —
|
" —
|
7 —
|
’/})? I
|
/.)7\9 I
|

I
——
|

00\9 I
]

Y —
———————————]

6‘//9 I
—

<, ———
—

MW Track+level M Track+level+facial M Track+level+facial+head

Figure 4.21 Head extraction comparison on framerates performance

From Figure 4.21, using head extraction drain framerate performance from facial
landmark detection -8.8% (around 1.1FPS). In terms of accuracy, from observation the
roll, pitch, and yaw angles have not relate much with the real angle of head detection.
Therefore, using head extraction in this algorithm will make the framerate decrease
and the roll, pitch, and yaw are not much accuracy to predict the nodding of driver. It
is not significant to predict driver drowsiness if the driver does not fall asleep first.

4.3.2.2 Eye extraction

The eye extraction method uses 6 points of each eye from 68 points DLIB facial
landmark to calculate the eye area, both eye area will calculate to the eye value call
Eye Aspect Ratio (EAR) that can determine driver status. The 13 examples are used in
eye extraction testing. The following chart are the testing results in terms of processing

speed and accuracy.
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Eye extraction: framerates
*Process on RPi4 with video display (Higher is better)

0
<

> "3 3
§ &

W Track+level W Track+level+facial ~ ® Track+level+facial+EAR

Figure 4.22 Eye extraction comparison on framerates performance

From Figure 4.22, eye extraction has similar framerate as facial landmark
detection that mean this does not drain processing speed in main algorithm. In
accuracy, the following figure will show the EAR signal and the blinking ground truth

event comparison to estimate the EAR signal can really determine the eye status.
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1 i 0.4
IR
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0

Eye GT ——EAR

Figure 4.23 EAR signal and blinking ground truth event comparison
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Figure 4.23 show the potential of EAR signal that can detect the eye blinking,
the lower value decrease on the blinking zone that mean it has relation between EAR
value and eye blinking. Therefore, eye extraction will be used in the main algorithm
to detect the eye event without drain processing speed.

4.3.2.3 Mouth extraction

Mouth extraction using the same technique as eye extraction with only 5 points
of DLIB facial landmark detection around inner mouth position. The framerate is the

same as using facial landmark detection.

For more information, the accuracy topic will be described in topic 4.3.4.3.
Therefore, mouth extraction does not affect the drain of processing performance and
has potential to detect the yawning. The mouth extraction will be used in the main

algorithm.
4.3.3 Optimization method for feature landmark signals

The significant feature for predicting status of driver come in area values, the
accurate value should concern in algorithm development. The following method is
trying to improve the signal quality for better symptoms detection.

4.3.3.1 Image resolution

The first method is image resolution, because the signal depends on the area
of facial feature. Sometime the small picture cannot clarify the eye area between open
and closing eye. In this topic assume that the bigger image resolution can get the better
signal in the same event. This testing has compared signal from the image in 5 various

resolutions from 480P to 960P in blinking event.
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Figure 4.24 EAR signal of blinking events in various image resolution

From image resolution comparison, some driver faces have miss detection in
small image but can detected in bigger image. From Figure 4.24, the EAR signal in many
cases have clear and smooth signal in biggest image as 960P than small image, but not
all the case such as 768P is not have better signal than 600P. Therefore, the bigger
resolution can reduce the false positive event of face detection and can get some

clarify value signal but not at all. The next step is about the lighting condition because
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in this testing, the various dataset in bright condition gets better signal in low light
condition.

4.3.3.2 Image equalization

In the previous testing results, the low light condition dataset has not clarified
signal even in bigger image. In real-world driving, light conditions can immediately
change depending on weather and route. The next signal optimization method is image
equalization. The matching technique can get clarify image that maybe can improve
the detection and signal quality.

Table 4.12 Image equalizer techniques for signal optimization

ST teome | Pamews

1 cv2.equalHist -

2 Clipping_histogram Clipping=20%

3 Clipping_histogram Clipping=25%

4 cv2.CLAHE Clip_limit=3.5, Gridsize=10x10
5 cv2.CLAHE Clip_limit=4.0, Gridsize=10x10
6 a= 255/img.max() img.max()

7 Color transfer Good grayscale source image
8 Gamma correction g=1.5

9 Gamma correction g=2.0

Nine techniques of image equalizer in Python using in the various video dataset.
The parameters of each technique are from the recommend value from online source,

and trial & error value.

The following tables show the example of each technique comparison, the
information from table are image result and EAR signal pattern between post process

from equalizer (480P) and manual adjust light by researcher (720P).



Table 4.13 Image results from each image equalizer
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cv2.equalHist
(Auto adjust)

- MAR: 0.030
',' S450882131047

Clippinng_hist
clipping=20%

ﬁﬂﬂﬂ MAR: 0.022

17482195570323

Clippinng_hist
clipping=25%

0.288  MAR: 0.026

Time: 0.248

Time: 0.246

Time: 0.210
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cv2.CLAHE
clip limit =3.5

0.254 MAR: 0.031

cv2.CLAHE
clip limit =4.0

0.320 MAR: 0.011
BLI8233N24073

Alpha
=255/img.max()
(Auto adjust)

0.322 MAR: 0.011
4T23613357317

Tirne: 0.233

Time: 0.214

Time: 0.216
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Color transfer

EAR: 0.304 MAR: 0.031
150. 260544808703
i

[

Gamma
correction

g=1.5

0.264 MAR: 0.015
2137548172932

-

Gamma
correction

g=2.0

0.303 MAR: 0.021

Time: 0.426

Time: 0.209

Time: 0.213

From Table 4.13, show the result image after equalized by each technique.

Auto parameters are cv2.equalHist and Alpha value, others are manual adjust value

parameter. The next table is EAR signal pattern generated from each equalized image.
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Table 4.14 EAR pattern signal from each image equalizer

0.4
0.35

cv2.equalHist 0.3

(Auto adjust) 025

0.2

0.15

0.1

0.45
0.4
0.35

Clippinng_hist 03

clipping=20% | (.5
0.2
0.15
0.1

0.4
0.35
Clippinng_hist 0.3
clipping=25% 0-25

0.2
0.15

0.1

0.45
0.4
0.35

cv2.CLAHE
0.3

clip limit =3.5 0.25
0.2
0.15

0.1
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cv2.CLAHE
clip limit =4.0

0.45
0.4
0.35
0.3
0.25
0.2
0.15
0.1

Alpha
=255/img.max
(Auto adjust)

0.45
0.4
0.35
0.3
0.25
0.2
0.15
0.1

Color transfer

0.4

0.35

0.3

0.25

0.2

0.15

0.1

Gamma
correction

g=1.5

0.4

0.35

0.3

0.25

0.2

0.15

0.1
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0.4

0.35

Gamma
0.3

correction 0.25

0.15

0.1

From Table 4.14, signal pattern on cv2.calcHist is look closer to 720P signal

pattern that mean this technique can improve signal quality.

For more methods to make the pattern look better, the next experiment is
combining two methods of image equalizer to see the signal pattern result. The
equalizer method to use in this experiment are cv2.equalHist and cv2.CLAHE that are

easy to use because they are OpenCV-based.

(A)lmage from cv2.equalHist (B)image from cv2.equalHist +CLAHE

. cv2.equalHist

. cv2.equalHist + cv2.CLAHE

EAR signal pattern

(OEAR signal pattern comparison between (A) and (B) equalizers

Figure 4.25 The result between using one and two equalizers
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Figure 4.25 (A) and (B) display the image results from both techniques, (B) image
look brighter than (A). (C) image display EAR signal pattern comparison, the combine
equalizer makes the signal pattern sharper than using cv2.equalHist. Therefore, for
better signal the combination will be used in the main algorithm.

4.3.3.3 Object zoom-in technique

From result in 4.3.3.1 that the bigger resolution has better signal pattern, but
the bigger resolution means the slow in processing time. The next technique to make
the signal pattern more clarifies is the object zoom-in method. This method has two
steps of detection, first detect the driver’s face, and get bounding box area, then
expand the image around bounding box. Second, using face detection to detect the
face in new cropping area and then detect the facial landmark to get the EAR signal.
The following table displays the image result and signal pattern to check that can

make signal good.

EAR:40.245

(A) Normal detection (B) Object zoom-in detection

0.1
800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800

e GT e EAR_CTOp e EAR_480

(C) The signal pattern comparison between normal and zoom-in detection

Figure 4.26 Object zoom-in method image result and EAR signal pattern
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From testing result, EAR signal pattern from object zoom-in technique can see
more clarify in peak zone than normal detection that can see in Figure 4.26. Therefore,

object zoom-in technique will be applied in detection method for better signal quality.
4.3.4 Symptom extraction

From the facial feature topic in 4.3.2, eyes and mouth are selected for explore
the driver’s status. The EAR signal from the eye can generate to indicate the eye status.
The MAR signal uses the same technique as EAR but detects on mouth events. The
previous topic tried to optimize these signals to the most clarify status indicator. This
topic is trying to use these signals to be the driver status. In this research, the following
will describe our method and results.

4.3.4.1 Fatigue level and EAR relations

From topic 4.1.2, we get the eye blinking relationship with fatigue level in term
of blink rate and blink duration. The blink duration is necessary for driver status
detection. In symptoms extraction, EAR value is the eye status indicator. To indicate
the eye status, the EAR detection will apply to dataset in topic 4.1.2 for EAR

characteristic study.

EAR values and eye events in various driver status

0.30
0.2839
0.28 0.2763
0.26
0.247
0.24 9 0:235
0.2
0.22 0.2
0.20
0.1963
0.1896 0.185 1912
0.18 0.176 1815
0.1713 '
0.16 0.18
0.1534 0.1B:
0.14 0.1397
0.1263
0.12 0.1159
0.10
Alert Drowsy Microsleep

M Eye close [ Eye open

Figure 4.27 EAR value and eye events in various driver status
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From Figure 4.27, we have two group of EAR value for eye events in various
faticue level. EAR value between eye-closing status and eye-opening status is can
classified into two group, most value of eye closing is under 0.2 that similar to the
value in Tereza & Jan’s work [29]. In eye-opening value, EAR value is more decreasing
depending on more fatigue level because the eye got fatisue that make eyelid heavy
and difficult to lift. Some high EAR value in eye-closing event because the facial
landmark detection problem, when eye is closing, the facial landmark detector detects

the eyelid shape instead of eyeball such as Figure 4.28 (B).

(A) EAR value when eye-opening (B) Missing EAR when eye-closing
Figure 4.28 EAR value with eye events

Therefore, the EAR value can classify eye status by EAR value thresholding into
two events. The thresholding value between eye-opening and eye closing is 0.2, but
in some cases the higher value can be caused from facial landmark detection problem.

4.3.4.2 Blink detection comparison between thresholding vs. peak Z-Score

EAR signal is the most important for detect eye status, other research has their
own methods to detect eye blinking by using EAR signal as see in Table 3.5. Much
research uses threshold value to classify between open eye and close eye, some
research training the EAR value then making eye status prediction models from

machine learning.

From previous topic in Figure 4.27, EAR value below 0.2 can decide that the
driver closing eye. But from the same chart, the EAR value is decreasing by more fatigue
level or maybe some people have small eyeball that can see minimum EAR value

around 0.196 in eye-opening group.
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Hence, in this research, we try using two methods to detect eye blinking. First
method is using fix EAR value thresholding around 0.2 in more than 0.15 second
(around 3 consecutive frame) refer to chart Figure 4.2 that are suitable value for classify
eye status. The second method is using Peak Z-score to detect the lower peak events
that are estimated to be eye-closing events, this method suitable for the people who
have small eyeballs. The blinking detections signal and result of each method
compared to ground truth event are displayed in the following table in various fatigue
levels.

Table 4.15 The blinking signal detection comparison in alert state

Dataset Example of blinking signal in alert state
0.3
EAR 0.2
0.2
signal
0.1
1 - -~ —
EAR 0.2
Blink 0.5
(15)
0

Ground 0.8

0.6
truth 04
® | %
0
1
Z-score | o038
. 0.6
Blink 04
(11) 0.2
0
0.3
Z-score
0.2
signal
0.1
EAR thresholding: True positive detect: 8 / Fasle positive detect: 7
Result

Z-score: True positive detect: 8 / Fasle positive detect: 3
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The EAR signal from alert state example in Table 4.15 has constant frequent
blinking but has small eyeballs that make EAR value when driver being eye-close have

close to under 0.2 that bring EAR blinking threshold method have more false positive

detect.
Table 4.16 The blinking signal detection comparison in drowsy state
Dataset Example of blinking signal in drowsy state
0.4
EARO0.2 | %2
signal | 4, I ' ' 1
0.1
1
EAR 0.2
Blink 0.5
(14)
0
1 N
Ground
truth 0.5
(12)
0
1 i
Z-score
Blink 0.5
(17)
0
0.4
Z-score | %3
signal 0.2
0.1
EAR thresholding: True detect: 11 / F positive: 3 / F negative: 1
esult Z-score: True detect: 12 / False positive: 5
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The EAR signal from drowsy state example in Table 4.16 have clearly value
between eye-open and eye-close that make both detect method more accurate. But
in some blink, the driver tries to wake up while eye-closing that make EAR value have
W shape.

Table 4.17 The blinking signal detection comparison in microsleep state

Dataset Example of blinking signal in microsleep state
0.25
EARO2 | 7
signal | (45
0.1
1
EAR 0.2
Blink 0.5
(61)
0 =—
1 r ] B r
Ground
truth 0.5
(6)
0 =t L
1
Z-score
Blink 0.5
(15)
0o —=
0.25
0.2
Z-score
0.15
signal
0.1
0.05
EAR thresholding: True detect: 6 / False positive: 55
Result
Z-score: True detect: 5 / False positive: 9 / False negative: 1
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The EAR signal from microsleep state example in Table 4.17 see that when
driver have much fatigue, the EAR value has low to under 0.2 whether eye-closing or
eye-opening that make EAR thresholding method have much false positive blinking
detection. While the Z-score peak detection method has false negative detection

because it has no peak due to long blinking.

The advantage of EAR thresholding method is this method can detect long-
blinking event accuracy because of fix value threshold but have some mistake
detection if the driver has small eyes or when normal blinking that EAR value has
sudden change that make blink rate not much accurate. While the Z-score peak
detection is good at normal blink detection because the peak from sudden value
change can clearly detect but when long-blinking event this method does not work at
all. In drowsiness detection, long-blinking is very necessary more than normal blinking

because that means the driver nearly to sleep state that difficult to get awake again.

Therefore, we combine both advantages of both method by calculating the
lower boundary value from Z-score method then using that value at the fixed
thresholding value that can suit for individual detection. The following table shows the
results of hybrid method compared to the previous results of EAR 0.2 fix thresholding

value method and Z-score peak detection method in 3 states of fatigue of driver.
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Table 4.18 The blinking signal detection in alert state from hybrid method

Dataset Example of blinking signal in alert state
0.3
Hybrid
0.2
signal
! | v |
0.1
1
EAR 0.2
Blink 0.5
(7)
0
1
Ground
truth 0.5
(8)
0
EAR thresholding: True positive detect: 8 / Fasle positive detect: 7
L Z-score: True positive detect: 8 / Fasle positive detect: 3
Result
Hybrid: True positive detect: 6 / Fasle positive detect: 1
Fasle negative detect: 1

From Table 4.18, the new method can decrease the false positive event that
can detect blinking more accurate but from the third blink that this method missing
detection because the value below the new thresholding value (0.152) in this example

is only 1 frame that mean this method difficult to detect very shot blinking event.
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Table 4.19 The blinking signal detection in drowsy state from hybrid method

Dataset Example of blinking signal in drowsy state
0.4
Hybrid | 2
signal 0.2
! | ' l
0.1

1
Hybrid
Blink 0.5
(13)
0
Ground
truth 0.5
(12)
0

EAR thresholding: True detect: 11 / False positive: 3 / False negative: 1

Result | Z-score: True detect: 12 / False positive: 5

Hybrid: True detect: 11 / False positive: 2 / False negative:1

From Table 4.19, this hybrid method can also decrease the false positive events
like in alert state. The false negative event is the same reason from previous table
because the very short blinking is not suitable for this method. The W shape signal

from this example cannot be detected correctly by this method.
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Table 4.20 The blinking signal detection in microsleep from hybrid method

Dataset Example of blinking signal in microsleep state

0.25

Hybrid 02

signal | (45

0.1
1
Hybrid
Blink 0.5
(19)
0 |
1
Ground
truth 0.5
(6)
O -

EAR thresholding: True detect: 6 / False positive: 55

Result | Z-score: True detect: 5 / False positive: 9 / False negative: 1

Hybrid: True detect: 6 / False positive: 13

From Table 4.20, this method can detect long blinking event in sixth blink but
have some false positive events that divide the one long blinking event into two long
blinks. If the driver falls into microsleep state, this method can certainly detect the

long blinking events.

From driver behaviors information in 4.1.2, we know that blink rate is difficult
to classify the fatigue level of driver that why we are not concern in blinking event so
much but the blink duration is the most significant factor that can divide the fatigue
status that why we need to find the best method to detect the long blinking event as
much as possible. The hybrid method can do better in various fatigue states, can
decrease false positive events, and can detect long blinking events that combine two

advantages of EAR thresholding and Z-score peak detection method. Therefore, the



104

blink detection using EAR value in this research focuses on blink duration by using fixed
thresholding value from Z-score.

4.3.4.3 Yawning using Respect Area Method

Mouth events can use respect area calculation like blinking detection by using
eye aspect area. The mouth events are difficult to define what is driver doing because
when driving the eye need to focus on the road that the eye area should full open as
much as possible, but the mouth events are various because the driver can do
whatever they want such as talking, singing, eating, drinking, or yawning. From our
dataset, when the driver wants to yawn, they use their hand cover their mouth by
instinct. We have all mouth events that are usable to define the various event from

this dataset. There are two kinds of data, not yawning event and yawning event.

Yawning all event
(MAR/frames)

Figure 4.29 MAR value of yawning events in all mouth-opening event

From the yawning detection, we found three kinds of yawing. First is yawning
without cover in front of mouth. Second is yawing with some cover in front of mouth.
And third is light yawning, the yawning event that body nature need more oxygen

when get fatigue.
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Table 4.21 The MAR value in all yawning events

Mouth Min MAR value | Avg MAR value | Max MAR value Time duration Frames duration
Events (second)
avg min avg min avg min avg min avg min

Non-cover .51 0158 0585 0350 0838 1183 4782 2306 101 50
mouth
xs::h 0163 0053 0644 0459 1181 1570 733 2838 157 62
Light

. 0212 0181 0359 0212 0450 0906 1.65 0416 35 9
yawning

From Table 4.21, light yawning event can classify from other yawning events
by time duration. Normal yawning between non-cover and cover mouth events can
classify by MAR value because non-cover mouth can detect mouth clearly that make
the value higher. In the other open-mouth events; in this experiment have classified
into three events: talking, non-talking, and object cover mouth event. The object cover
mouth is missing detection events by having some object cover mouth that make
mouth facial detection missing position then the MAR value raise up. The following
table is MAR value of all mouth-opening events.

Table 4.22 The MAR value in all mouth-opening not yawning events

Mouth Min MAR value | Avg MAR value | Max MAR value Time duration Frames duration
Events (second)
avg min avg min avg min avg min avg min

Talking 0.108 0 0.216 0.128 0.314 0.210 2.298 0.049 29 2
Non

. 0.175 0 0.224 0.107 0.273 0.201 1.251 0.044 29 2
talking
iy 0.111 0 0.220 0.120 0.346 0.210 0.901 0.043 20 2

cover

From Table 4.22, this information is for one round of mouth-opening event that
time and frame duration is not so long for talking event. Not yawning events is difficult
to classify because the value is look similar but it not necessarily for fatigue detection

because there is a huge gap of value from yawning events.
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Mouth-opening events

(MAR / frame)
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Talking Light yawning
Non-talking Yawning

Figure 4.30 All mouth opening events in one round mouth-opening

From Figure 4.30, the purple dash box area is contained all non-yawning events
that can be ease to thresholding between yawning event and others. Therefore, using
MAR value can detect the yawning event by MAR value and frame duration
thresholding. The recommended value for yawning event is MAR value more than 0.35

for 30 consecutive frames.

For drowsiness detection, yawning is one of the signs that fatigue occurred to
the driver but not the most significant especially if driver have worn mask or cover
mouth every time, they have yawn not like eyes that driver need to stay focus on the

road that cannot hide from the camera.

4.4 Final code

From facial features to symptom extraction, in this research try to using any
facial features then convert to value to calculate the driver status. Head extraction is
not accurate for calculating the head angle. Mouth extraction can get MAR value to
detect mouth events and can classify yawning events separate from talking but difficult

for various situation such as driver have worn face mask due to COVID-19 situation
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moreover in our dataset, when driver need to yawn, there cover their mouth
automatically by hand that make yawning detection is not the first choice to detect
driver drowsiness. Eye extraction can get EAR that can tell eye status between open
eye and closing eye. In this research have tried two methods to detect eye blinking
events that finally get the best method even have some false positive event in detect
blink but can detect long blinking event that most necessary for faticue detection.
Blinking detection in terms of blink duration is the important role in this research final

algorithm.

The final algorithm has two functions for driver monitoring. First is alarm to
warn the driver immediately when there is too long blink duration that dangerous for
driving and that can identify the driver get into microsleep state. Second is to predict
the driver status every minute by using blink rate and blink duration events. Refer from
Figure 4.2, the blink duration can divide fatigue level. If the algorithm calculates driver
status and found that there fall into drowsy state continuously for 5 minutes, the
algorithm can warn driver to take a brake because refer to Figure 4.3, the fatigue level

can increase every 5 minutes of driving.

Detect long Alarm

blinking event the sleepy driver!

Algorithm
functions

Warning
the fatigue driver
to take a brake!

Calculate driver
fatigue level

Figure 4.31 Final algorithm function of this research

After many experiments in this research, the following flowchart is the final

version have improved from Figure 3.18.
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Capture Video

Face detection

Face Tracking

Facial feature
Extraction

Eye status by EAR

Blinking detection

Driver status
»= Alert

Stay in drowsy Blink duration
status >5min >0.5 sec

Blink duration
»0.3 sec

Fall sleap riskl

Driver is OK|

Diriver status= Driver status = Driver status=
Alert state Drowsy state Microsleep

¥
e

Figure 4.32 Final version of this research algorithm flowchart



109

4.5 Validation

For validate the accuracy of the drowsiness monitoring from this research,
validation by using the 10 videos dataset that contain same fatigue level and different
faticue level within 10 minutes duration. The result is the driver status in each minute.
If which video has a drowsy event, the algorithm should alarm the driver. If which
video have stay in drowsy fatigue for more than 5 minutes, the algorithm should
display the warning message to driver. The following table contains signal of fatigue
level by 0 = unknown, 1 = alert state, 2 = drowsy state, and 3 = microsleep state. Each
driver has answered their own fatigue level in KSS level so convert to B-ORDS.

Table 4.23 Final code validation result

Final code Ground truth Fall sleep event

state signal state signal

Dataset: Drivingsim#1 (30 — 40 minute) / FPS = 17.57

KSS = lv 5 (Alert) KSS = lv 5 (Alert) KSS = v 6 (Drowsy)
3
2
1
0
AN DN AN OONNN AN MON AN OONNNdNNOONMN~NdAdWnmaOnNNSN dwnaaoms dwn o
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I
=
n
o
o

Dataset: Drivingsim#2 (20 - 30 minute) / FPS

KSS = v 8 (Drowsy) KSS = lv 9 (Microsleep) KSS = lv 9 (Microsleep)
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Dataset: Drivingsim#3 (30 — 40 minute) / FPS = 17.48

KSS = lv 9 (Microsleep)

KSS = lv 8 (Microsleep)

KSS = lv 9 (Microsleep)
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Dataset: Drivingsim#4 (20 — 30 minute) / FPS = 17.68

KSS = lv 5 (Alert)

KSS = lv 6 (Drowsy)
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Dataset: Drivingsim#5 (10 — 20 minute) / FPS = 17.15
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Dataset: Drivingsim#6 (20 — 30 minute) / FPS = 16.98

KSS = v 7 (Drowsy)

KSS = lv 6 (Drowsy)
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Dataset: Drivingsim#7 (10 — 20 minute) / FPS = 16.62
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Dataset: Drivingsim#8 (35 — 45 minute) / FPS = 16.95

KSS = v 9 (Microsleep)

KSS = v 9 (Microsleep)

KSS = v 9 (Microsleep)

Dataset: Drivingsim#9 (10 — 20 minute) / FPS = 17.64
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Dataset: Drivingsim#10 (30 — 40 minute) / FPS = 17.55

KSS = v 7 (Drowsy)

KSS = v 7 (Drowsy)

KSS = lv 7 (Drowsy)
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From Table 4.23, the final code can display the driver fatigue level that
calculate on eye blinking event-based compared to questionnaire KSS fatigue level.
The results of the two methods were slightly consistent, perhaps the drivers didn't
think they were too sleepy when they closed their eyes for more than 0.3 seconds as
a result, there didn't reply that he was in a KSS above level 5. But the incident with
falling asleep, the algorithm can result in entering a microsleep state. When processed
on Raspberry Pi 4, it was found that this algorithm can be processed with framerate
about 17 FPS. This is considered as less processing power as using the normal HAAR
Cascade face detection algorithm refers to Figure 4.4, that be able to process in near

real-time.

This algorithm may not be able to accurately predict driver fatigue in all
conditions, but at least it can help warn drivers when they fall asleep and remind

drivers to take a break.
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CHAPTER 5

CONCLUSIONS AND RECOMMENDATIONS

This research aims to develop a visual-based fatigue detection device. The goal is
to develop a device that does not interfere with the driver's driving, small size, easy to
install, and can be used in real-time. It was intended to be developed to be used on
Raspberry Pi 4 because it is a minicomputer that is small and has quite good processing
performance compared to other minicomputers. There are 2 main subjects to be
studied: first, how to develop algorithms to process quickly and accurately, which is
the heart of algorithm development that works on a not powerful minicomputer.
Second is a study on fatigue, because each person has different fatisue and the
definition of fatigue itself is unclear. To develop an algorithm for detecting fatigue,
researchers should understand fatigue characteristics, parameters that can indicate

faticue and the degree of fatigue preceding.

Fatigue levels are divided into 10 levels according to the KSS level, but for driving
we can simply classify fatigue into 3 levels according to the B-ORS level. In this
experiment, courtesy of MTEC, they were allowed to record video of the actual driver
on the vehicle. Makes us know the general nature of driving that the distance from the
driver to the front console is about how much distance, camera mounting position,
driving style of each driver, and light condition in the cabin while driving. The use of
driving simulators for collecting long-distance driving data has also been courtesy. The
route can be simulated as a long straight hishway to increase the chances that the
driver is easily tired and sleepy. The collected datasets for both sections, as well as
the UTARLDD and DROZY fatigue study datasets, will be used to determine key
parameters that can indicate the driver's fatigue level so that the values obtained are

ethnically diverse.

The study found that blink duration can clearly separate groups of drivers
according to their faticue level. The driver in the Alert level had a very fast blink time
of less than 0.2 seconds. Drivers in the drowsy level will begin blinking slower, starting

from 0.15 seconds to 0.31 seconds per blink. Drivers who initiated the microsleep level



114

had the slowest blink per second, averaging 0.42 seconds per blink, and the slowest
at more than 1 second per blink which is considered very dangerous for driving. In
terms of the blink rate, although it was found that drivers who entered the microsleep
level blinked the most frequently, the number of blinks was not much different from
other fatigue groups. Whether to blink frequently or not is an individual matter for
some drivers. Some drivers are alert, but blink frequently cause this parameter is not

used.

Development of a fatigue detection algorithm will be divided into two sections.
The first is to develop an algorithm for detecting the desired object, then follow by
developing of algorithm for calculating fatigue. As for object detection developments,
it was found that the HAAR cascade was the fastest to process, but every frame in
succession detection had some frames that the detection was wrong. Therefore, it is
further improved by using face tracking to help memorize the correct position by
analyzing the characteristics of the correct frame. The answer was that the BB frame
size and the confidence value should be used to help filter before detecting to make
the detection more accurate. In addition, using face tracking also helps to increase the

frame rate as well.

After detecting the desired position, the next step is to detect the facial landmarks
to be calculated as numbers and then can be used to predict the status of the driver.
Head rotation detection was found to be unable to tell the direction exactly as it was
and slowed down the framerate. Capturing the size of the eyes to bring a numerical
value to indicate the state of opening and closing the eyes can be done well and does
not consume processing power. Capturing the size of the mouth, which uses the same
technique as the eyes, works fine and consumes a little more frame rate, so it's still
considered interesting. But the value obtained from the calculation of those areas
found that sometimes it is so little that it looks no different while opening or closing
eyes and closing or opening mouth. Therefore, various methods were tried to make
the signal clearer. The first experiment is to try processing on multiple image sizes,
with the result that the larger image size actually helps the signal to be clearer, but
also causes the frame rate to decrease as well. Therefore, tried a method that enlarges

the image only when detecting the driver's face and found that it can really help the
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signal to be clearer without reducing the frame rate as well. Lighting conditions are
another factor that determines whether an object can be detected clearly or not.
Therefore, several image enhancement methods have been tried as suggested and
found that OpenCV's cv2.equalHist tool works well and automatically image adjust
therefore, has chosen to use this method as the main. And found that using cv2.CLAHE,
a technique that makes the object stand out from the background, further enhances
the signal pattern even though the frame rate decreases slightly. In this research, we

choose to use together.

After finding the right way to improve the image and signal quality. Then, the
calculated values were applied to the available datasets to determine the relationship
between fatigue and EAR values. It was found that the EAR value of eye opening was
different for each fatigue level and the EAR value decreased with increasing fatigue
level. The EAR value that split between eyes open and closed eyes was 0.2, consistent
with most studies. Next, we tried to find ways to use the EAR value to detect blinking,
with 2 methods. The first method is to fix the EAR value at 0.2, with the lower value
being all eyes closed event. And the second way is to use the Z-score to calculate the
bottom edge of the data and then detect the peak value of the bottom edge, which
is considered closed eyes. Both methods have their advantages and disadvantages,
with the Z-score detecting normal blinking better, but it can't detect long blinks that
are at risk of falling asleep. Fixing a value of 0.2 is more likely to detect a normal
blinking error, but it can detect prolonged eye closure, which can help warn the driver
against falling asleep. Therefore, the advantages of both methods are combined by
calculating the EAR fix value from the Z-score to obtain the appropriate value for each
individual. The experimental results showed that normal blink detection was good,
less mistakes, and importantly, it can better detect long blinking events, which are the

most important events for driver monitoring.

The final algorithms at least can help warn drivers when they fall asleep and

remind drivers to take a break in near real-time that can make drive safer.
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APPENDIX A

Table 1 MTEC Driving Simulator Specification

Simulator Component Hardware

Asus GL12CX-TH002T
Computer Intel Core i9-9900K, 16GB DDR4
Nvidia Geforce RTX2080

Samsung CJ890
Monitor
Ultra-wide curved monitor 49” 144Hz
Thrustmaster T300RS GT edition
28cm @ steering wheel 1080° force feedback,
Steering & pedal

Accelerator pedal, Clutch pedal,

Brake pedal with progressive resistance

Driver Seat Mazda 3 (BK) Driver Adjustable Seat
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Study of a Visual Driver Drowsiness Monitoring Algorithms
Based on Raspberry P1 3
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ABSTRACT: Nowadays, one of the m=in cases of car accidents is drowsy doiving. This shady developed a visusl Dmver Drowsiness
Monitormg device to verify driver's concentmation while driving Raspberry Pi 3 is used as the processor mm by Python langnage.
However, the drwback of Faspbemry B is an insufficiency of F.AM. Thus, only suitable alzorithms will make the system work well.
This stady developed the system by conparing two face detection algorithms between Hzar-Cascade snd Multi4ask Cascaded
Comvolutionsl Metenorks (MTCHI) based on acouracy and processimg speed nreal-fime conditions. Then, the alzonthm which provides

better result will be chosen

L INTRODUCTION

Thziland is one of the top comnfries with the highest road
traffic death rate Ome of the main acodents camsed by drowsy
driving. "', These types of accidents often ooour with public buses
and minivans traveling sooss provinces, especislly doring the
long holiday sezson in which people oravel very mmch. Even in the
past, the government enforced laws to redoce the risk of accidents,
there is stll pews reporing the sccident cansed by the driver's
sleep every year.

A precise and scientific definition for fatizue has not been
presented yet '+, However, the most popular way is based on eye
region detection The nwin resson is the main symiptoms of fatime
and distraction appear in the eyes. At present. the ftipne detection
camerss sre Dot widespread snd are sull expensive becmuse
mannfachmrers have to desigm circuwit boards and hardware
themsalves,

This project iz developing a real-time video camera fange
detection system based on 2 common hardware platform Thos
device is developed to be small in order to be easily installed in
many kinds of wehicles. The slzonthms can work n resl-fime
conditions, this smdy tries to deploy two face detection alzorithms
between Haar Fearure-based Cascade and Multi-task Cascaded
Convohational Neural Networks (MTCHNI) on the same system.
Then, compare their scouracy and the processing speed

1. METHODOLOGY
11. The principles of driver fatigue monitoring
First of all, when the device power up, the camers starts
recording video. The processing mnit then starts snalyzing to find
faces in the video, which is called face detection fimction After
confirming the position of the face, facial landmark localization
will begin to locate feds] componsnts such as eyes, nose, moth,

NS JSAE Arsusl Congrass [Spring] Mey 22 to 24, 2019
lasnad on May 17, 2019
19 JSAE Arsusl Congrass Frocoedings (Sprisg)

and chin This procedure is used to locate the eyes, as known as
the eye detection process. When eyes are foumd the system will
check wheather it gets any fatigne sign from the eyes or not. If the
system finds the vigilance level of the dover is lower than a
standard valee, the device will slarm to wam the driver wmsl the
system finds vigilance level of the driver back o nommsl stage.
(zee Fig 1)

Fig. 1 General flow chart of dover fatigne monitoring

12 Face detection

In mst of the driver face monitoring systems, fice detertion
15 the first part of Dnape processng operations. Face defection is
considered as very importsnt pert of the system due to the
diffimlty of eye detection. There are various mentionsd problems
related to face detection inchading, thers are: 1) position and
crientstion of the face, ) lightng conditons, 3) presence of
glazses, makeap, beards, nmstache, and 4) real-ime processing.
Good slgordthm can deal with thess problems except lighting
conditons that due to the hardware problem.

In this project, tene face detection slzorithms were studied to
compare the pros mnd cons in Rasphemy Pi3.
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111. Haar Feature-based Cascade

This technique was introduced in 2001 by Paul Vicla md
Michael Jomes.*l, This technique is based on Machine Lesrning
process. Haar Cascades Classifier was trained through image
analysis by Haar-like Features and Adsboost The image dataset
is divided into two groups. First is positive image. which is wanbed
target image to be detected (Face photos). And, the second is
negative imaze, whoch is not the target mage (Mon-Hce photos).
In Raspbery Pi, this algorthm is available on OpenCWV (Open
Source Computer Vision) library for free with both pre-trained
model and cascade wmmining by your own. It is not commpler
computstional, more acouracy and Sster in real-time processing.

122 Multi-task Cascaded Convolutional Neural Networks

The MTCHN model comes with high acomacy achisved with
a deep neural network . There are 3 networks: The P-Net, the -
Net, and the O-Iet. (see Fig. 2) Each muitiple layers allows for
higher precision, 2= each network can fine-tune the results of the
previous one In sddition, this modsl employ: an imsge pyranid
to find both large snd small face. Even thowsh this may produce
an overwhelming smount of data. This algorithm needs to install
OpenCV, Tensorflow or Caffe.

Fig 2 MTCHN Stucture
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1.3. Eye detection

To detect the eyes, the location of the eyes is needed to be
known first. The Facial Landmarks Detector will be used to find
the location of face components such as eyebrows, nose, mouth,
chin and eyes.|¥). The pre-trained facial landmark detector is usad
to estimate the location of 68 (x, v)-coordinates that map to facial
stmuchures on the face. (s== in Fig. 3) For less compatational m the
systemn the facial landmarks localization algorithm will be
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extracted only in the aye regions. This alporithm is available o
Dilib library.
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14 Sympioms extraction

After eyes detection, the system needs some way to checks
the vigilance of the driver. From the Fig 2, the dots can be dramm
together to find the ares of the eye In this system refer to Adrian’s
work 7, the eye blink speed and the eye aspect ratio used
validate the driver.

2.41. Eyeblink speed

Exyeblink speed is the time batween opaning snd closing of the
eyalid during one ik evens Referring to Blinking Suppresses
the Mewral Response to Unchanzing Reting] Stinmiation © and
Average duration of a single eye blink ¥, hunens take one blink
shourt 100-400 milliseconds. If eye blink mte is more than 1000
il lisecomds these can be sssmmed that the person has entered the
sermi-sleap state.

242 Eye aspect ratio (EAR)

From based on the work by Soukupova and Cech (10), the
equation to calculate the distamcss betwesn the upper and lower
eyelids is EAR.

EAR = (llpz — pall + iz — pall}/2les —2ald
Where pl to pd are facial lndmark locations. (see in Fig 4)

The mmerator of this equation compuates the distance between
the vertical eye landmarks while the denominator computes the
distance between horizomtal eye lamdmarks weighting the
denominator with two sets of vertical points.

Typically, EAR of hmmans durmg eye open is more than (.23
md decrease to 0.00 when the eye is closed. This point can be
used to determine the state of the eyes.
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Fiz 4 Avisnslization of eye landmarks when then the eyes are
open and close. Then plotting the eve sspect IA0o over Mme.

1. EXPERIMENT
First, install the video recorder in the position where the
acmal device will be installed The distance bemamen the
camorder and the driver should be in the rangs of 40 centimeters
and 70 centimeters. The position of the camcorder should be
installed without amy obstacle to meke the pood vision of the
camera (seeim Fig 5)

Fig. 5 The reconmmend distance between the driver and device.

Fam the recoded videos fom both condiion, scenarie sering
and real-life condiions, with the Tained algontims on a
Paspberry Pi 3 device. The scenario seffing means driving in
constant light condition snd real-life condition means drving in
light varying condition. The system of the device is similar, the
difference is only two alzorithms. In this stady, everything is sat
in similar condition s mmch as possibla.

Several events are sef in the experment for both condirion such
as looking straizht forward, lookns left, lookine right. closinz one
eye, closing both eyes, and bead podding. (see Table 1) The
Acoracy i= measured by the efficiency of the event detecton in a
pered of tme. For exanple, in 100 seconds if the system can
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detect the drivers behsviors in vanety of event with no mistke.
the aoouracy can be esimared o be 100%.

Fiz. § Two conditions of this experiment betwesn
scenario and real-life conditions

4. RESULT
From the experiment, the data was collected from participants
and then sverage the data to dessmune Dietectad rate and False
alarm. Detected rate is caloulated from the dme of eye detectable
‘time per fill time of the events. False alarm is mumiber of time that
the alanm ooommed withows any drowsy events.

Table 1 The tests result from Haar-cascade detector

Condinons Foal-life

Events Detected | False
Fate Alarm Fate Alsrm

Look straight 28.7% 325 03 3% 6.75
Look left & night G2.0% 250

£ | 01

Closing aye <lsec | 75.0% 50 | 894% | 000
Closin eyes =lsec | 720% | 0285 | o540 | 025
Sequint 781% | 150 | esoee | 050
Head nodding To0% | 200 | TTom 50

Table 2 The device tests result from MTCHN detector

Conditons Soenario Feal-life
Events Detected | False | Detected | False
Rate Alarm Rate Alarm
Look smaight 20.3% - 28 5% -
Look left & nght 37.1% - 40.3% -
Closing eye <lsec T0.0% - 100P% -
Closing eyes =lsec 26 3% - 200" -
Squint 100% - 1008 -
Head nodding 96.3% - 95 3% -

Tzble 3 Comparison betwesn two detector

Deeteictor Frame rate (FPS) Arcuracy
Scenario | Reallife | Scemsde | Resllife
Haar 7.1325 6.8625 T5.45% 8206
MTCHH 1.5875 1.7400 23.16% 88.85%
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5. CONCLUSION

From the result, the Haar-cascade detector has nmach more
frame rate than the MTCHN about 4.5 times. That's mean the
haar-cascade has less delsy and the system is more suitable to
Paspberry Pi than the MTCHIN. Besides, Hear-cascade can detect
drowsiness faster than MTCHM, thats mean it is more safety for
the driver. The slow frame rate makes the calonlaton of the EAR
more slowly and can not handle the dover's sympeoms at all
Therefore is the reason that the false alarm value of MTCHIN
cannot be verified according o Table 1.

About the detected rate, the good system should detect the
driver’s face in look-straight condition acourataly becsuse it is a
normal droving pestare. Both algonithoms can detect wvery well with
high detected rate. The MTCINM is more accurate than the Haar-
cascade aroumd 6-8% becamse MTCHM can detect partial object.
while the Haar-cascads cannot. When part of the driver’s face is
hidden during nening the steering wheel, the Haar-casade cannot
even detect the face confmmowsly while MTCHIN can defect the
face and eye The closing eye event is zlso important The
alporithm that can detect closing eye event property will lead to
less Sl alarm. The MTCHN can do bester in both scenario and
real-life smd the Haar can do very well too. But when driver look
at the other way, the MTCH detected rate is lower than the Haar
becanse of wrong localization of the eye. The hasr has no problem
in localization bus the mistake oooms becmue it cannot datect the
face well when look to left ar right

Mevertheless, this smady is developing the slzgorithm which
can work properly on Faspherry P The resnlt of this stady shows
that the Hasr-cascade detection is more suitable with Raspherry P
bzt MTCMM is not sitsble at all.
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