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Summary

In the area of road safety, the development of a Modular, Machine Vision-Based, Custom-Built Driver Monitoring
System (DMS) for bus drivers has become imperative. This research presents a comprehensive system capable of
detecting drowsiness, blinking patterns, and various forms of distraction, including the use of mobile phones, and
one-handed driving. Leveraging the power of Mediapipe and YOLOV? for real-time image analysis, as well as ROS2
for secamless data transfer, our system not only ensures the immediate safety of bus passengers but also offers expand-
able functionality, such as eye tracking and skeleton detection.
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Biztonsagosabb buszkézlekedés: Modularis jarmiivezeté monitoring rendszer
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Osszefoglalas

A biztonsagos tomegkozlekedés irdnti igény fokozza a jarmiivezetSkre nehezed6 nyomast a novekvd forgalmi torlé-
ddsok miatt. Ezt stlyosbitja a kozlekedési rendszer Osszetettsége és a fokozddd kiilsS ingerek hatdsa, kiilonosen va-
rosi kornyezetben. A kozosségi kozlekedésben alkalmazhatd, a kozlekedésbiztonsigot fokozd moduldris, gépi litdson
alapuld, egyedi fejlesztésti jirmtvezetds-feliigyeleti rendszer kifejlesztése az autébuszvezet6k monitorozasira elen-
gedhetetlen. Ez a kutatds egy olyan atfogd rendszert mutat be, amely képes érzékelni az almossigot, a pislogasi
mintakat és a figyelemelterelés (disztrakcid) kiilonbozé formdit, beleértve a mobiltelefon-hasznalatot, és az egykezes
vezetést. A Mediapipe és a YOLOV7 valos idejii képelemzésre, valamint a ROS2 adatdtvitelre valo felhasznalasaval
rendszeriink nemcsak a busz utasainak biztonsigat garantilja, hanem olyan b&vithetd funkcionalitdst is kindl, mint
példaul szemkovetés és csontviztelismerés (szkeleton).

A rendszer alapvet$ célja az, hogy a szemmozgds, fejtartds és testtartds elemzésével pontosan azonositja a jarmd-
vezets faradtsagat, figyeli a pislogdsi mintakat az dlmossag jeleit, és felismeri a kozati biztonsagot veszélyeztetd diszt-
rakcidkat. Tovabba a rendszer modularis felépitése lehet6vé teszi tovibbi érzékelSk, példiul szemmozgas-kovets
rendszer, telemetriai eszkozok vagy 5G-adapterek egyszert integralasit, ami itfogé megfigyelést és adatfzior tesz
lehetévé a valds kornyezetbe torténd adaptélds elGsegitésére.

A fejlesztett Jarmtvezetd Monitoring Rendszer a ROS2 keretrendszer segitségével integrdlt megolddst kinal a
buszvezetSk megfigyelésére. A rendszer alapvetd képessége a fedélzeti kamerdk altal rogzitett felvételeken a jarmtve-
zet6 vizualis felismerése. Ezen tdlmenden képes kovetni a vezetd testén 1évs kulespontok, mint a fej, a torzs és a karok
pozicidjit, ami [étfontossagh az 6 testtartdsanak és mozgasinak megértésében. Az egyediséget a vezetdStiilke mérete
és a buszvezets személygépjarmihoz mérten dinamikus mozgasképe adja. A rendszer az emberi arcot is részletesen
elemzi, kiemelve a fontos arcpontokat, mint a szemek, orr és szdj. Ez lehet6vé teszi a tekintet irdnydnak, arckifejezé-
seknek, valamint a firadtsdg vagy stressz jeleinek azonositdsit. Az adatok konnyebb értelmezése érdekében a rendszer
egy vizudlis dbrazolast is nyujt az észlelési folyamatrél. Az adatok kezelése és kommunikacidja a ROS2 keretrendsze-
ren keresztil torténik, amely strukturdlt médon rendezi az adatokat és timogatja a valés idej( feldolgozast és elem-
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Bus Driver Monitoring System

zést. Az 6sszegyUjtott adatok taroldsdra a .rosbag fijlformatumot hasznaljuk, amely lehet6vé teszi az adatok hatékony
rogzitését és késébbi felhasznalasat elemzésekhez és feliilvizsgilatokhoz.

A tanulmany a modularis jarmdvezets-feligyeleti rendszer felépitését, megvaldsitasat és tesztelését mutatja be,
részletesen kozli az alkalmazott algoritmusokat és technoldgiakat. A valds koriilmények kozott végzett kisérletek
eredményei bizonyitjak a rendszer hatékonysagat, valamint a rendszer szélesebb kozlekedési dkoszisztémakba vald

integralhat6sagat.

A buszvezetd monitorozdsa kapcsin kapott adatok hozzdjirulhatnak a jirmi és utasai biztonsiginak fokozisihoz.
A jarmtvezet§ figyelmének nyomon kovetése és a kognitiv terhelés elemzése lehetéséget kindl a munkakoriilmények
optimalizdldsara és a balesetmegel6zési megoldasok javitasara.

Kulcsszavak: Jarmiivezeté Monitoring Rendszer, dlmossagérzékelés, gépi latas, Mediapipe, YOLOvV7

Forewords

In his doctoral research, the KDP PhD student has em-
barked on a significant exploration into the critical field
of driver distraction and cognitive load analysis, particu-
larly emphasizing public transportation. The importance
of this research is immense, given the critical need for the
safety of buses and their occupants in our ever-changing
urban environments. The doctoral candidate has tackled
this issue with an impressive combination of scholarly
thoroughness and practical acumen. In this study, so-
phisticated monitoring tools such as eye-tracking devices
and front-facing cameras, have been utilized. These in-
struments have facilitated a deep understanding of driver
profiles and behaviors, shedding light on the cognitive
mechanisms driving their actions. The impact of this re-
search extends far beyond the academic realm, influenc-
ing public safety and transportation policies. It repre-
sents a groundbreaking effort in comprehending and
reducing driver distraction, a vital aspect in the assurance
of safe and efficient public transport systems.

Prof. Dr. Gabor Kovics

Scientific Supervisor

Ludovika University of Public Service,
Széchenyi Istvin University

Introduction

The uptake of camera-based DMSs in the automotive
industry is significant and their role in accident preven-
tion is unquestionable. The aim of this research project
is to design and develop an intelligent monitoring sys-
tem adapted to public road transport. The complex sys-
tem is functionally capable of identifying human face and
body elements and can be integrated into a modular
monitoring system based on the ROS2 framework. The
design of the bus DMS will consider the unique charac-
teristics of the driving environment and traffic condi-
tions.

The requirement for secure public transportation is
escalating the pressure on drivers due to rising traffic
congestion. This is compounded by a diverse array of
traffic components and swift external stimuli, particularly

The convergence of technology and transportation offers
tremendous opportunities, especially in the realm of en-
hancing road safety. This doctoral thesis exemplifies the
strength of cooperative innovation, effectively linking
academic research with industrial application. Our col-
laboration has been pivotal in elevating safety standards
in public transportation, particularly in the manufactur-
ing and operational facets of bus transportation. The re-
search has resulted in the creation of a bespoke monitor-
ing system, designed specifically for integration with
existing on-board telemetry systems. The aim here is not
just to observe, but to deeply analyze and foresee safety
characteristics in bus drivers’ behavior. The monitoring
system is designed to assist bus and coach companies in
supervising and certifying driver safety, minimizing risks,
and mitigating identified hazards. The PhD student’s re-
search marks a significant progression in public transport
safety and reliability, focusing on the creation of a com-
plex bus driver analysis system. This system includes also
a psychological questionnaire and an advanced driving
simulator equipped with interface development tools.

Prof. Dr. Gyirgy Patzay
Industrial Supervisor
Inter Traction Electrics Ltd. (ITK Holding)

prevalent in urban settings. Advanced Driver Assistance
Systems (ADAS) can partially intervene in emergency
situations, such as braking, but it remains the driver’s
task and responsibility to safely control the vehicle
(Blades et al. 2020). ADAS aim to maximise safety, but
such complex systems have side effects. Adoption and
use can be difficult, requiring a learning process and con-
fidence building (Nylen et al. 2019). Monitoring driver
attention and analysing cognitive load offers the poten-
tial to optimise working conditions and improve acci-
dent prevention solutions.

Public road transport penetration in Europe is still
high. Ensuring the safety of passengers is a priority as
vehicles carry more and more passengers in an increas-
ingly congested environment. Although buses and
coaches (along with trams and trolleybuses) represent an
increasingly smaller share of all modes of transport, it
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Table 1 | Buses, coaches and trolleybuses in the European Union — 27 countries

Year 2013 2014 2015 2016 2017 2018 2019 2020 2021
Share (%) 10.4 10.0 10.0 10.0 9.6 9.5 9.5 7.4 N/D
Passenger-kilometer 238,368 230,616 246,661 240,574 224813 225958 231,099 135,427 138,262

(million km)

Source: Eurostat, 2023

was still 7.4% in the EU in 2020 as shown in Table 1
(Slootmans 2021). An examination of historical accident
data reveals that, on average, there were 1.3 fatalities per
million inhabitants in bus and coach accidents across EU
countries during the period of 2017 to 2019. The vic-
tims of fatal accidents are mostly pedestrians, motorists
and bus passengers. Accident injury statistics (2010-
2019) show that 2% of bus and coach accidents result in
serious injuries (Slootmans 2021).

Data analysis has identified several factors that influ-
ence the occurrence of accidents: negligence of bus op-
erators, driver negligence and external factors (weather
and road conditions) (Eurostat 2023). Driver error can
be broken down into several factors, typically depending
on the current mental and physical state, so monitoring
driver behaviour and subsequent passive or active inter-
ventions can ensure safer bus travel (Gob et al. 2014).
Distractors refer to visual, auditory, physical or cognitive
stimuli that disrupt driving activities including secondary
activities such as mobile phone use, conversing with pas-
sengers, and daydreaming. Fatigue, monotony and sleep
deprivation increase the risk of accidents, as reduced at-
tention can lead to reduced information processing and
indecision, leaving the driver unable to react in an emer-
gency situation (Young—Regan—Hammer 2003). Most
research on alertness focuses on sleep deprivation (Ot-
mani—Rogé-Muzet  2005; Hubta—Hirvonen—Partinen
2021; Felix et al. 2022). Accident data and simulation
studies, however, suggest that a loss of alertness can also
occur during the day, particularly on long, monotonous
journeys (Thiffaunit—Bergeron 2003). Driver errors are
more frequent while driving monotonously because the
required tasks and stimulus levels are low, leading to a
reduction in attention.

Various monitoring systems have been developed and
used to observe or detect driver behaviour. Different ap-
proaches use psychological tests and various physiologi-
cal sensors, data collection and analysis techniques, as
follows: (1) vehicle data-based measures; (2) behavioural
measures and (3) physiological measures (Sabayadhas—
Sundaraj-Murugappan 2012). Vehicle data-based tests
have been used in several studies to identify driver be-
haviour. Among others, a method has been developed to
detect driving habits using single turn vehicle sensor data
(Hallnc et al. 2016). Human—vehicle interaction analysis
systems can monitor fuel consumption, CO, emissions,
driving style and driver health in real-time with high pre-
dictive reliability (Campos-Ferreira et al. 2023).

Several behavioural analyses, mainly using the Driver
Behaviour Questionnaire, have shown that professional
drivers engage in less risky behaviour than non-profes-
sional drivers, but are more likely to be involved in traffic
accidents due to longer driving time (Masla¢ et al. 2018).
Some studies have shown that driver behaviour is related
to driving conditions. A large sample of intercity bus
drivers has been analysed using questionnaires, and psy-
chometric results have highlighted the importance of
diagnostics to distinguish safe from unsafe drivers
(Karimi-Aghabayk—Moridpour 2022).

Detection of driver fatigue and distraction can be
based on biometric cues, steering perception, or obser-
vation of the driver’s face (Sigari et al. 2014). Some re-
searchers have found that higher average heart rate (HR)
indicates that the driver is performing more demanding
or secondary tasks (Biondi et al. 2016). Others have con-
ducted heart rate variability analyses validated by electro-
encephalography to detect driver drowsiness (Fujiwara
et al. 2019). Several authors have used wearable Galvanic
Skin Responses (GSR) wristband to identify driver dis-
traction (Debzangi—-Rajendra—Tahberisadr 2018). Elec-
troencephalogram (EEG) is widely used to detect driver
behaviour, but the signals are non-stationary and the
procedure is confusing for study participants, especially
when using multi-sensor systems (Li—Chung 2015). Re-
cently, single-channel EEG-based drowsiness detection
systems have been tested, where the analysis of a single
feature parameter allowed for lower processing and stor-
age capacity, leading to simpler implementations in em-
bedded systems (Balam~Chinara 2021). Other physio-
logical sensors, such as eclectromyogram (EMG)
measuring driver muscle fatigue, have also been used
and the corresponding measurement methodology has
been described (Rabhman et al. 2022).

The most common solutions for DMS are non-weara-
ble, camera-based systems that use machine vision for
facial recognition. This approach is convenient for driv-
ers as it does not require the use of wearable devices, al-
lowing for non-disruptive monitoring and can be per-
fectly integrated into production vehicles. According to
Regulation 2019 /2144 /EU, all new European vehicles
from 2024 will be required to use “driver drowsiness or
distraction alerting” (European Parliament 2019). Visu-
al sensors with different viewing angles, RGB, IR or
other cameras facing the driver are used to collect driv-
ing data — including driver interaction, behaviour and
environment (driver’s cab). Typically, the following cat-
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egories of data are detected: hand movement, body posi-
tion estimation, facial recognition and distraction/
drowsiness (Koay at al. 2022). Face recognition meth-
ods can generally be classified into the following catego-
ries: feature-based and learning-based methods (Mad-
hav=Vishwakarma 2015). Learning-based methods are
generally more robust than feature-based methods, but
they usually require more computational resources.
However, these methods can achieve a recognition rate
of more than 80% under laboratory conditions (Chaves
et al. 2020).

This research focuses on the development of a modu-
lar bus DMS, employing cutting-edge computer vision
and algorithms specifically customised for public trans-
port applications. The system utilises camera-based
body, face, and eye recognition technologies to detect
mobile phone usage and driver drowsiness. Additionally,
it is designed for scalability, allowing integration with
further research tools such as eye-tracking devices. The
system employs ROS2 for data distribution, facilitating
universal data acquisition and streamlined time synchro-
nisation including the connectivity to on-board vehicle
data modules, and telemetry systems.

System design and methodology

The development of the bus DMS incorporates an in-
novative dual-camera setup and sophisticated eye-track-
ing technology to enhance driver safety and perfor-
mance. The frontal camera, strategically positioned
directly in front of the driver, is pivotal for capturing fa-
cial expressions and potential distractions, with a specific
focus on monitoring signs of fatigue or inattention.
Complementing this, the isometric camera offers a
broader perspective, encompassing the driver’s hands,
posture, and overall body language, which is crucial for

Bus Driver Monitoring System

detecting behaviors like mobile phone usage. To en-
hance the system’s capability and for validation purpose
Pupil Labs Core eye-tracking device was used in the de-
velopment phase of the research (Fig. 1). This advanced
device meticulously captures eye movement data, in-
cluding gaze direction, pupil dilation, and blink rate.
These metrics are vital for assessing the driver’s alertness
and identifying early signs of fatigue or distraction.

The system’s objectives are multifaceted. A primary
goal is to utilise advanced imaging for real-time moni-
toring of the driver’s facial features and eye movements,
particularly focusing on blink rate and eye closure as in-
dicators of fatigue. Additionally, the system is designed
to recognize and track the driver’s body posture and
movements, identifying key body points like the head,
torso, and arms to assess body language and detect po-
tential distractions such as mobile phone usage.

Our method uses convolutional neural networks,
which are primarily designed for image processing. The
simplified working principle of convolutional neural net-
works is as follows: the structure of the networks consists
of convolutional layers, through which features are con-
tinuously filtered; one of the most important of these
layers is the so-called pooling layer, which pools redun-
dant data from the matrices describing the images and
thus reduces the number of individual parameters
(Ghazal et al. 2018).

The system integrates several state-of-the-art techno-
logical solutions. YOLOV7, renowned for its speed and
accuracy, is employed for its exceptional ability to iden-
tify and track the human body in real-time, mapping out
key points and movements (Redmon et al. 2015). Com-
plementing YOLOvV7, Google’s MediaPipe framework
provides detailed body point tracking, enhancing the
detection of posture, gestures and facial feature tracking,
focusing on the eyes and other facial components to

<<actor>>
Cameral

<<actor>>
Camera2

Face Recognition Human Body Detection
. s . N .
|n§lude include include
. PhoneCall Posture
Eye Recognition - s
Recognition Recognition
L . g
include include
r— - - - - = s
| <<actor>>
I PupilCore ~ include _
L — - - - = <<actor>>
Software
Figure 1 Use case framework of the system
Source: authors’s design
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analyse blinking patterns and potential signs of fatigue
(Lugaresi et al. 2019). The system leverages an integrat-
ed approach combining YOLOvV7 and Google’s Media-
Pipe with a standard dataset for training, optimising the
detection of human behaviours and objects relevant to
driving safety. YOLOV7 is selected for its rapid and ac-
curate object detection capabilities, crucial for identify-
ing potential distractions like mobile phone usage. In
parallel, MediaPipe enhances the system’s ability to track
detailed facial features and gestures, enabling precise
monitoring of the driver’s attention and fatigue levels.
The employment of a standard dataset ensures the algo-
rithms are finely tuned across a wide array of driving sce-
narios, significantly improving the system’s accuracy and
reliability in real-world applications.

By correlating data from these diverse sources, the sys-
tem offers a robust solution to monitor and enhance
driver safety effectively in the research and development
work period. The appropriate solutions have been se-
lected for the research objective, so MediaPipe will be
used for face and eye recognition, while YOLOV7 will be
used for object recognition, in particular the recognition
of mobile phones.

System Requirvements

In the context of developing a sophisticated DMS, sev-
eral functional requirements have been identified and
implemented to ensure comprehensive and effective
monitoring. The system is designed with the following

capabilities:
1. Visual Detection of the Driver on Recorded Foot-
age: The system is equipped to perform visual de-

fimage_eyes

/Suhscrber\
[

| MNode I\

ubsher

fis_phoning

Figure 2 Connection of software nodes

Source: authors’s design
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tection of the driver using the footage recorded by
the onboard cameras.

2. Tracking the Position of Key Points of a Recog-
nized Shape: An integral part of the system’s func-
tionality is its ability to track the position of key
points on the driver’s body, such as the head, torso,
and arms.

3. Human Face Recognition and Examination of Its
Key Points: It examines key points on the driver’s
face, such as the eyes, nose, and mouth, to gather
data on the driver’s gaze direction, facial expres-
sions, and potential signs of fatigue or stress.

4. Visual Representation of the Detection: To facili-
tate easy understanding and analysis of the moni-
tored data, the system provides a visual representa-
tion of the detection process.

5. Using the ROS2 Framework to Send Individual
Data to a Topic: The system leverages the ROS2
(Robot Operating System 2) framework for effi-
cient data handling and communication. This
structured approach ensures organized data flow
and supports real-time processing and analysis.

6. Recording Files: For data recording and storage,
the system utilises the .rosbag file format.

These functional requirements collectively contribute
to the robustness and reliability of the DMS, enabling
comprehensive analysis of driver behavior and enhancing
overall road safety.

System Setup

Figure 2 illustrates the interconnectedness of individual
system elements, called nodes within our monitoring
system, highlighting their communication via published

| Node ‘
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j v
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\

‘
[ Node | [ Node |

|
/
Publis Publisher

/blink_count fone_handed_steering

Iface_direction_herizon...
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messages and the relevance of these messages for execut-
ing various tasks. The primary input is an RGB image
from which the system initiates by recognizing the hu-
man shape. This node operates independently, only pub-
lishing data without subscribing to any other input.
Three of the published image data are for visualisation
purposes, where the main key points of the recognised
shape such as eyes, face and hands can be observed.
However, the more critical aspect of the system is the
publication of data related to individual body parts. This
data, to which other nodes subscribe, is crucial for mon-
itoring the gaze, determined by the head position and
pupil coordinates. The system not only tracks eye move-
ment but also discerns whether the eyes are open or
closed. This feature is vital for monitoring the driver’s
state, distinguishing between blinking and potential
sleepiness while driving. Blink rate analysis, derived from
individual recordings, further offers insights into the
driver’s focus and alertness. Additionally, by analysing
the coordinates of the driver’s hands, the system assesses
hand positioning on the steering wheel and frequency of
one-handed steering, providing a comprehensive over-
view of the driver’s engagement and driving habits. Face
recognition has a mobile phone detection node which is
monitoring if the driver is holding a device in his/her
hand or not.

Driver recognition

The first task of the analysis software is to recognise the
driver, select the individual key points and track their im-
age coordinates. This task is performed by a separate
node in the software package. MediaPipe is used to de-
tect eyes, facial key points, and the entire body. Prelimi-
nary solution was used as a body detection and skeleton
visualisation tool.

Blinking recognition

Blink detection is implemented through a straightfor-
ward yet informative approach, focusing primarily on the
eyelid and its immediate area. Utilising MediaPipe’s fa-
cial recognition technology, we are able to identify a
multitude of key points along with their coordinates.
The initial step in this process involves locating the eye-
lid’s top, bottom, and sides, which are marked using spe-
cific key points. MediaPipe provides these key point co-
ordinates in a normalised format, ranging from 0.0 to
1.0, relative to the dimensions of the input image. To
effectively utilise this data, we convert these normalised
values into actual pixel points on the image by multiply-
ing them with the image’s width and height.

For blink detection, the coordinates are used to deter-
mine the positions of specific points around the eye. For
instance, the point P () represents the left side of an
eye, and P (x,y,) the right side. The distance between
these points is calculated as follows:

Bus Driver Monitoring System

dyp =/ (x, —x)% + (¥ — D)2

Similarly, the distance between the upper eyelid
(P.(x,y,)) and the lower eyelid (P, (x,%,)) is computed
as:

d, =/ (xn — X2 + (Yn — ¥1)?

These distances, d;, and d,, represent the width and
height of the eye area in pixels, respectively. The system
then uses the ratio of these distances (4,/4,) to deter-
mine if a blink is occurring. By default, a threshold value
of 8.0 is used to assess this ratio. The program indepen-
dently monitors the closure of each eye, enabling it to
deduce whether the driver is focusing ahead, experienc-
ing eye irritation, or potentially falling asleep. In such
scenarios, the duration for which the eyes remain closed
continuously is also observed, providing additional in-
sights into the driver’s state. In blink counting, it is im-
portant to note whether the subject closes both eyes si-
multaneously. If only one eye is closed for an extended
period, it likely indicates external disturbance rather than
a blink. Therefore, our software registers a blink only
when both eyes close together.

Fatigue analysis

The noise and monotony of a bus can make you sleepy
in the long term — especially in suburban traffic. The
driver’s alertness is a prerequisite for safe driving, so a
system is being developed to distinguish between a per-
son who is asleep and someone who is distracted. It
should be noted that being unable to open one’s eyes
because of an external influence does not mean that one
has fallen asleep, but closing one eye certainly does not
cause one to fall asleep. This logic can be simply illus-
trated by a truth table (Table 2).

Table 2 | Truth table for fatigue analysis
A B Disturbed Sleep
1 1 1 1
1 0 1 0
0 1 1 0
0 0 0 0

Source: authors’s design

Where A is left eye closed for ¢ time, B is right eye
closed for ¢ time.

The software monitors the number of eyes closed and
the number of consecutive frames in which this happens.
So

closed,,, = {0, if left eye is open closed;;+ 1

Scientia et Securitas 279

2023 = \Volume 4, Issue 4

Unauthenticated | Downloaded 08/07/24 07:09 AM UTC



where closed,, is the number of consecutive frames in
which the driver’s left eye is closed and hence

closed,,, > minclosedoney,,,,

where minclosedone,,,,,. is the minimum number of
frames for this, then the left eye of the observed person
is obstructed by something that prevents him from
opening it. The logic is the same for the right eye.
A similar principle is used to determine sleep, but here
the condition is that both eyes must be closed for a cer-
tain period of time, which is used to say that the driver
has fallen asleep. This time is also the number of con-
secutive frames in which both eyes are closed.

Gaze-monitoring

Gaze-monitoring function to be introduced is also part
of the previous module. This function is the gaze track-
er, which uses head rotation and irises to estimate which
direction the driver is facing. The justification for gaze
tracking is that the driver’s attention can easily be dis-
tracted by anything inside the vehicle. For example, if
the driver is talking to other people, to passengers and
turns towards them, or in more extreme cases, if he is
pressing his phone. The input to this system is therefore
the head position or the image coordinates of the iris,
and the output is one of the viewing directions that may
be: right, left, up, down, front-facing.

The problem was solved using OpenCV’s SolvePNP
method, which takes as input the camera matrix, the dis-
tortion coefficients, and the 3D coordinates of the eye
and the 2D coordinates of the facial keypoints (D’Orazio
et al. 2004). The 3D coordinates of the facial key points
were determined through a comprehensive analysis de-
signed to represent the majority of the population. This
involves:

e Data Collection: Gathering a diverse dataset of fa-

cial structures from various demographic groups.

® Modeling: Creating a 3D model that encapsulates

the average distances and arrangements of facial fea-
tures.

e Validation: Testing the model against a control

group to ensure its accuracy and applicability across
different individuals.

This approach ensures that the 3D model used for the
SolvePNP method is both representative and versatile,
catering to the general population with minimal error
margin.

In the tests, the 3D coordinates of the facial key points
were determined to fit most people in general. The key
points used are the tip of the nose, the chin, and the
outer corners of the eyes and mouth. The 2D coordi-
nates are advertised by the node responsible for driver
recognition on the corresponding topics. To use the
SolvePNP function, the following inputs are required:

Nagy et al.

3D coordinates of the left/right eye; 2D coordinates of
the whole face; Camera matrixes; Distortion coefficients.
The outputs are the rotation and translation vectors used
to determine 1-1 point relative to the corners of the
eyes. To control the sensitivity of the head movement,
two variables are introduced for each eye, which are a
kind of “scorers” and two multipliers that move the end-
points of the lines describing the eye direction in the
horizontal and vertical directions. The vertical and hori-
zontal scores for the left eye are ly_score and Ix_score, and
for the right eye 7y_score and 7x_score. They are calcu-
lated as follows:

xm;ght_iri: - xright_eye_inner

rX_score =
xright_eyz_outer X right_eye_inner
Yright_iris — Yright_eye_bottom
ry_score = Sl i
Y right_eye_bottom — ) right_eye_top
Where (%41 iris» Jrighe_inis) are the coordinates describ-

ing the iris of the right eye in the image, Xghe eye_outer 1S
the x coordinate of the outer corner of the right eye, and
Xyight eye_inner 18 the X coordinate of the inner corner of the
right eye. Vyiohe eye bottom AN Viighe eye_top ar€ the y coordi-
nates of the top and bottom of the eye. The formulae are
analogous for the left eye. If the last score and the newly
calculated score differ only within a certain threshold,
the following formula is used to overwrite the score for
the right eye:

rx_score = (vx_scove + last_rx)/2

ry_score = (ry_scove + last_ry)/2
For the left eye, the formulas look similar as follows:

Ix_score = (Ix_scove + last_Ix)/2

Iy_score = (ly_score + last_ly)/2

The formulas above can be used to estimate the eye
direction using the multipliers defined by the expert.
These are x_score_multiplier and y_score_multiplier. The
endpoint of the line describing the direction of the right
eye is thus obtained as follows:

B a i . -
Kyight_cormer = Srigh._coner — (16_score=0.5) * x_score_multiplier

Vright_corner = Vright_comer — (D_score-0.5) * y_score_multiplier
The above data may be useful for further analysis in
the future to estimate the head orientation. It is sufhi-
cient to project the obtained points onto the flat camera
image. If we know that the outer corners of the eyes are
I_corner(x,y) tor the left eye and 7_corner(x,y) for the
right eye, it is worth examining the length of the direc-
tion vectors for both eyes, as well as the direction of the
direction vectors x and . The length of the vectors can
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be calculated using the classical Euclidean algorithm.
Then, if the length of the vectors exceeds a minimum,
we can be sure that the person is looking left if both di-
rection vectors point left. The same applies to the right,
and in all other cases we can assume that the driver is
looking horizontally to the centre. The advertised topics
are face_divection_vertical for vertical and fuce divec-
tion_horizontal for horizontal.

Mobile phone recognition

To recognise the phone, YOLOV7 let is used, since the
network yolov7-tiny.pt, trained on the COCO dataset,
already contains the mobile phone class cell_phone (Lin
et al. 2014). To use this, it is necessary to know the area
of the detected object. If its size does not exceed a cer-
tain size, it should be ignored as it is likely to be far away
from the camera. Equally important is that false positive
detections that flash in must be dealt with in some way,

Figure 3
detection; e¢)—f) Mobile phone detection for distraction detection

Source: authors’s images

Bus Driver Monitoring System

as changing conditions can, albeit rarely, fool the YOLO.
Given a suitable image occupied area, the coordinates of
the edges and corners of the occupying geometry are
published in a topic called cell_phone_coordinates, which
contains arrays of integers. The first element of each ar-
ray is the phone identifier, since it is assumed that several
phones may appear in a frame, for example when pas-
sengers board.

Results

The test results show that object detection from both
the MediaPipe and YOLOV7 sides worked well on the
recordings. Mostly false positives occurred during phone
detection, but this problem is relatively easy to solve
with the presented technique. Thanks to the accuracy of
MediaPipe, the fatigue module works reliably even for
people wearing glasses. Sample images of the monitoring
result are shown in Figure 3.

Monitoring results: a)-b) Pose estimation (preliminary results) for manual distraction detection; ¢)-d) Face and gaze detection for visual attention
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Avarage FPS values

12.51
0.00 10.00 20.00 30.00 40.00
FPS

Figure 4 | Performance of the individual recognizers on 720p video

The current configuration of our DMS shows optimal
performance when the camera is positioned directly fac-
ing the driver. This setup reduces the likelihood of mis-
interpretations by the posture detector, which can occur
with an isometric view. A short-term remedy involves
manually adjusting the system’s parameters. For a more
permanent solution, establishing a baseline for detecting
when the driver is looking straight ahead is being consid-
ered. Preliminary results suggest that testing the entire
body and its key points in an isometric view could en-
hance system reliability.

Detection problems only occur when light is reflected
from the lens of the glasses. Intensive light, such as sun-
light, directly hitting the camera lens can also pose an
issue, potentially leading to errors in the system’s detec-
tion and analysis. For the software to function effectively,
it is crucial that it visualises the key points being ana-
lysed. If these points are not visible, empty coordinates
will be sent to each topic, rendering the individual analy-
sis modules inoperative. To mitigate this issue, it is advis-
able to position the camera in a location where obstruc-
tion or visibility issues occur in very few frames. The
accuracy of detection can be improved by retraining the
neural network.

The collected data results were stored in ROS2 .bag
files. This format is advantageous as it enables the re-
cording of results with associated timestamps. Essential-
ly, this allows for the messages from selected topics, or
potentially all topics, to be archived in a database. These
recorded messages can then be replayed in subsequent
tests and trials, facilitating thorough analysis and review.

The MediaPipe has been tested with 720p and Full
HD video where the frame rate was approximately 30
FPS, and 20 FPS. Since the detection determines the
operation of the other software elements, the data is sent
out to each topic on the same frequency. The perfor-
mance of the recognition algorithms is illustrated in Fig-

50.20
W YOLOv7-tiny
M YOLOv7
[0 MediaPipe head+arms
B MediaPipe head
50.00 60.00

ure 4, where the testing was done on a 720p resolution
video.

The tests were performed on two different machines,
a PC and a laptop. Laptop parameters: CPU: AMD Ry-
zen R7-4800H, RAM: 16 GB DDR4, GPU: Nvidia
GTX 1650 4 GB. PC parameters: CPU: AMD Ryzen 5
3600, RAM: 16 GB DDR4, GPU: Nvidia GTX 1660
Super OC 6 GB.

The computational load can be notably reduced by
employing multiple neural networks concurrently on a
single machine. Consequently, developing a distributed
system with two embedded systems, one running YOLO
and the other MediaPipe separately, could be a beneficial
approach.

Conclusions

Our bus DMS, developed using ROS2, presents a highly
modular and scalable solution, adept at integrating vari-
ous advanced methods. Its design facilitates the seamless
addition of new functionalities, such as the proposed in-
tegration of YOLOvV7 and MediaPipe for enhanced mo-
bile phone detection and key human point identifica-
tion. Particularly suited for the bus cab environment, the
system effectively manages the challenges posed by larg-
er cabin spaces and the driver’s dynamic movements.
The dual-camera setup enhances pose tracking accuracy,
with a front-facing camera being crucial for monitoring
potential drowsiness, distraction, and driving behav-
iours. The system excels in detecting driver fatigue,
monitoring drowsiness indicators, and distinguishing
distractions, thanks to its machine vision technology. Its
modular architecture allows easy integration with addi-
tional sensors, offering a broad data fusion scope.

In this research, our focus is on three key areas essen-
tial for bus transportation safety, with the understanding
that our system is still in the development phase with
these functions/dimensions. These include: the impact
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of the driver’s condition, such as fatigue, nervousness,
and illness; the effects of incidents occurring within the
bus; and the influence of external events on the safety of
bus operations. Each dimension is critical to our com-
prehensive strategy for advancing overall safety in public
bus transportation.

In future developments, we aim to utilise ROS2 for
enhanced communication and explore the distribution
of neural network operations across multiple hardware
units to improve accuracy and frame rate. Potential ex-
pansion into night-time performance evaluation is also
anticipated. A key future goal is to integrate this system
into a comprehensive network that includes telemetry
and OTA connectivity, with further enhancements like
an on-board alert system with audiovisual cues for driver
safety.

This paper has detailed the system’s architecture, im-
plementation, and real-world trial results, highlighting
its effectiveness in enhancing bus driving safety and its
potential applicability in wider transportation contexts.
By addressing driver distractions and fatigue, the system
substantially contributes to road safety and passenger
welfare.
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