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Abstract

Automated driving is an inevitable future for the automotive domain. It requires a
considerable increase in the level of autonomy for different aspects and functions of the
cars and, in some cases, redesigning the entire application itself. Furthermore, the lat-
est technologies in the automotive field are mainly data-driven; hence, the reliance of
applications on data increases, especially by introducing new data sources to vehicle
platforms. This data is not exclusively originated by the internal applications but will
also be provided by external sources, particularly by enabling technologies such as C2C
and C2X. The management of this massive amount of data requires well-established
context prediction architectures to increase the performance of the vehicle platform and
its robustness while maintaining the desired context-awareness for the involved applica-
tions. The driver is the key element of driving tasks from planning to controlling the
vehicle; therefore, it has a significant impact on creating and utilizing the context in
design-time and run-time phases. This work aims to investigate two primary domains
of safety assurance and emotional awareness, as the eminent fields which consider a
principal role for the driver in their development chain, in order to outline the critical
related challenges in enabling context prediction architectures and respectively to pro-
vide practical solutions for them with the ultimate goal of enhancing context-awareness
in an intelligent vehicle. In the design-time phase of automotive applications, the effi-
cient enforcement of safety standards and safe driving rules into AI-based driving agents
is crucial yet challenging due to the heterogeneity level of the AI and safety domains.
To tackle this issue and facilitate the integration process, we propose a novel safety vi-
olation identification framework deployed on top of the CARLA simulator to fill in the
gap between the AI application developers and safety engineers. Respectively, for the
run-time phase of the applications, we present an adaptive safety monitoring approach
to ensure the safe operation of the driving agents. Emotional awareness and its relying
applications is a substantial determinant in the context prediction paradigm. We ex-
amine the role of in-cabin behavior-based emotional indicators of the driver and their
integration into multimodal emotion recognition systems to increase the robustness of
the recognition architectures practically and efficiently. In this regard, we pick the steer-
ing wheel angular velocity and vehicle acceleration intensity as the primary lateral and
longitudinal driving factors of the driver. We model the selected signals to extract the
patterns of abnormal changes in behavior and then map them to respective emotional
states. Additionally, we utilize the outcome to develop a multimodal feature vector for
the recognition pipeline. We demonstrate the performance of the newly designed mul-
timodal recognition architecture on the data collected through a real car simulator in
the lab environment. Finally, we conclude our work by representing an API designed
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to address the privacy-related issues of the data owners in data sharing and facilitating
future works in this domain.
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Zusammenfassung

Automatisiertes Fahren ist unausweichlich für die Zukunft des Automobilbereich. Dies
erfordert eine erhebliche Erhöhung des Autonomiegrades in verschiedenen Bereichen
und Funktionen des Fahrzeuges und in einigen Fällen sogar eine vollständige Neugestal-
tung. Die meisten neuen Technologien im Automobilbereich sind größtenteils daten-
zentriert, was die Abhängigkeit von Daten steigen lässt, insbesondere auch durch im-
mer weitere Datenquellen in den Fahrzeugplattformen. Diese Daten stammen nicht nur
aus den Fahrzeuginternen Anwendungen, sondern auch von externen Quellen wie z.B.
durch Technologien wie etwa C2C und C2X. Um diese riesigen Datenmengen hand-
haben zu können, sind Architekturen für die Kontextvorhersage erforderlich, die gle-
ichzeitig die Leistung und Stabilität der Fahrzeugplattform erhöhen und die gewünschte
Kontextsensitivität bei den betroffenen Anwendungen gewährleistet. Im Mittelpunkt
der Fahraufgaben steht der Fahrer, das umfasst die Planung bis hin zur Steuerung des
Fahrzeuges. Daher hat er einen erheblichen Einfluss auf die Erstellung und Nutzung
des Kontextes während des Entwurfes und zur Laufzeit. Das Ziel dieser Arbeit ist es
die beiden Gebiete, der Sicherheit und des emotionalen Bewusstseins, als die Kern-
bereiche zu untersuchen, die den Fahrer als Haupttreiber in der Entwicklungskette se-
hen, um die damit kritischen Herausforderungen bei der Ermöglichung von Architek-
turen zur Kontextvorhersage zu identifizieren bzw. praktikable Lösungen für diese zu
finden, mit dem obersten Ziel der Verbesserung der Kontextsensitivität in einem intel-
ligenten Fahrzeug. In der Entwurfsphase von Automobilanwendungen ist die effiziente
Sicherstellung von Sicherheitsstandards und “sicherer” Verkehrsregeln in KI-basierten
Fahragenten von entscheidender Bedeutung, stellt aber aufgrund der Heterogenität der
KI- und Sicherheitsdomänen eine Herausforderung dar. Um dieses Problem zu lösen
und den Integrationsprozess zu erleichtern, stellen wir ein neuartiges Framework zur
Identifizierung von Sicherheitsverletzungen, dem “Safety Violation Identification Frame-
work”, vor, das auf dem CARLA-Simulator aufbaut und darauf abzielt die Lücke zwis-
chen Entwicklern von KI-Anwendungen und Sicherheitsingenieuren zu schließen. Wir
einen adaptiven Sicherheitsüberwachungsansatz vor, der zur Laufzeit der Anwendun-
gen den sicheren Betrieb der Fahragenten gewährleistet. Emotionales Bewusstsein und
seine Anwendung ist ein entscheidender Faktor im Paradigma der Kontextvorhersage.
Wir untersuchen die Rolle von verhaltensbasierten emotionalen Indikatoren des Fahrers
und deren Integration in multimodale Emotionserkennungssysteme, um die Robustheit
der Erkennungsarchitekturen einfach und effizient zu erhöhen. In diesem Zusammen-
hang wählen wir die Lenkradwinkelgeschwindigkeit und die Fahrzeugbeschleunigung als
die primären lateralen und longitudinalen Fahrvariablen des Fahrers aus. Wir model-
lieren diese ausgewählten Variablen, um Muster anormalen Verhaltensänderungen zu
identifizieren und ordnen diese den jeweiligen emotionalen Zuständen zu. Außerdem
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Zusammenfassung

nutzen wir diese Ergebnisse, um einen multimodalen Merkmalsvektor für die Erken-
nungspipeline zu entwickeln. Die Leistungsfähigkeit der neu entwickelten multimodalen
Erkennungsarchitektur zeigen wir anhand von Daten, die in einem realen Autosimulator
unter Laborbedingungen gesammelt wurden. Zum Abschluss unserer Arbeit stellen wir
eine Programmierschnittstelle vor, die den Datenschutz beim Teilen von personenbezo-
genen Daten verbessert und damit zukünftige Arbeiten in diesem Bereich erleichtern
soll.
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1 Prologue

In the second half of the last century, the newly deployed economic policies raised the
demand for more productivity; thus, they reformed our lives’ many aspects. Automo-
biles were no different from other impacted domains. The concept of cars got reshaped
from the signature of the families to mainly the means of commuting. The colorful
manual sedans in the streets got replaced by the black and white spectrum of high-tech
efficient hatchbacks and limousines. Over a short period, the control of different vehicle
modules inside the car was delegated to intelligent applications. Automated controllers
substituted the direct human involvement, from rolling windows to the steering wheel
itself and other driving components. Even the engine noises in the cabin are muted
thanks to improvements in the design and fabric of the new materials. Undoubtedly
these advancements have enhanced the overall comfort of the driver as well as the pas-
sengers. Moreover, statistical shreds of evidence prove the considerable increase in the
vehicle’s safety as well. However, these claims are valid only within the context of the
newly defined paradigms for the general application of car in recent years. The shift
of definition for cars from private property in a personal context towards becoming the
means of transportation in a social context has enabled much of this progress and indeed,
increased the efficiency, but only for the price of fading the driving experience itself.

Let us recall the movie The Matrix. The story takes place in a future where humans
had consumed all the planet’s resources by overutilizing their factories and machines
and only realize the dark upcoming realities when it became too late. The only solution
left for the humans was to shut down the machines and get rid of them. However, on
the other hand, machines have gained a high level of intelligence; therefore, they want
to survive and thrive even more. The machines’ artificial intelligence (AI) allowed them
to stand one step ahead of humans in prioritizing their fate above their owners and
taking decisions accordingly. Eventually, the story leads to a deadly conflict between
the human race and machines. As the last trick, humans decided to cover the planet’s
atmosphere with dark gases to cut the machines’ primary source of power. It is not
hard to imagine that AI was not defeated with this trick. Soon the machines found
an alternative solution to survive. They returned to human bodies as the only leftover
source of power. They enslaved the humans in cubes, putting them in an artificial coma
from the moment of birth to death. The movie’s overall story is about the heroic fight of
a group of humans to acquire their freedom from machines and defeat them. However,
the indispensable part of the story is the machines’ success in understanding a crucial
fact about the living conditions of humans. They have realized that humans can not
survive long enough without having the experience of life. Therefore, they develop The
Matrix as the virtual platform which gives the encapsulated humans inside the cubes
the simulated pleasure known as the life experience.
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The Matrix movie belongs to the end of the 20th century. Some may argue the rele-
vance of referring to a cinematic experience in scientific works. However, when a research
relates to the human-machine interaction area, it is inevitable to face the concerns of
individuals and society. The new developments in the automotive industry, especially
in increasing the autonomy of the vehicles, are not a new thing. The amount of public
attention put on these concepts and represented by the accredited movies such as The
Matrix at the time of these industrial developments demonstrates an essential demand
on addressing the critical issues in this regard. Maintaining a pleasant experience while
enhancing human lives’ comfort should always be an integral part of each scientific work.
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1.1 Guide to This Thesis

In this work:

chapter 2 represents a high-level overview and different aspects of the context-awareness
and involved domains in the automotive domain. In addition, the principal elements and
the consideration in designing and developing the pro-active architectures for the intelli-
gent vehicle are presented in this chapter. Furthermore, two main user-centered enablers
of context prediction architectures, namely safety assurance and emotional awareness are
highlighted as the main objectives and focus points of this work. Finally, the research
goals are introduced and listed for detailed and further investigation in the following
chapters of the thesis.

chapter 3 is divided into two main parts of safety assurance and emotional awareness.
The first part outlines the practical definitions for safety in design and run-time phases,
particularly in the automotive domain. Then, it introduces the uncertainty as one of
the main challenges of integrating machine learning-based solutions in intelligent vehi-
cle components and safety-critical applications. The second part includes a thorough
overview of the definitions for emotions in different research domains. Furthermore,
the concept of affect recognition in the automotive domain and cabin environment is
presented. Finally, different modalities with the highest impact on the recognition pro-
cess and state-of-the-art fusion architectures for multimodal solutions are represented in
detail to form a concrete baseline for the objectives of this work related to emotional
awareness.

chapter 4 outlines the methodologies of the designed experiments to tackle the issues
identified in the initial research goals. Regarding safety in the design-time phase, a novel
framework for safety violation identification is designed to be deployed in the CARLA
simulator in order to fill in the existing gaps between safety engineers and AI develop-
ers in the automotive application development chain. Among the proposed monitoring
mechanisms in chapter 4 that can mitigate the uncertainty issue in the context prediction
architectures, the crash prediction networks (CPN) are represented as a novel solution
based on interactive learning. For the emotional awareness side, following the necessity
of performing an empirical study, behavioral-based factors are modeled as the natural
target modalities to induce and map the emotional states of the driver, with the main
focus on in-cabin driving metrics and the interaction of the driver with the respective
in-cabin components. Finally, the prospects of having a centralized and secure API to
ease the coordination between the provided data and developed models in this domain
are represented.

chapter 5 lays out the experiments that are performed to validate the methodolo-
gies represented in chapter 4. First, multiple stages of the safety violation identification
framework are integrated into the CARLA simulator and evaluated according to the
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pre-defined safety violation factors. Based on the designed evaluation criteria, it is
demonstrated that this framework considerably facilitates the integration of safety rules
and standards in the AI development chain for the driving agents. Then, two versions
of the CPN concept, namely the simple and the Spatio-temporal, are implemented and
evaluated in the CARLA simulator against static and dynamic obstacles. This set of
experiments attempts to depict the potential benefits of the CPN as a novel safety mon-
itoring approach in this domain, tackling the uncertainty issue and demonstrating its
performance in this regard as well. On the other hand, for the emotional awareness, after
an extensive empirical study to validate the general assumptions regarding different per-
spectives on emotions and their correlation with in-cabin behavior during driving, a set
of experiments have been conducted on the VIRES virtual test drive (VTD) simulator
to collect the required data for populating the desired evaluation datasets. Furthermore,
for the behavior-based emotional indicators, vehicle acceleration intensity and steering
wheel angular velocity are considered in the multimodal system design and evaluated
accordingly to reveal the benefits of utilizing behavioral-based factors in maintaining
emotional awareness. Finally, a unified API is developed to illustrate the interests of
centralizing the developed models and modalities for future developments and coopera-
tion between the data owners and model developers.

chapter 6 summarizes the experiments designed and evaluated in this work to tackle
the challenges of developing context prediction architectures in an intelligent vehicle from
the perspective of two main user-centered domains of safety assurance and emotional
awareness. This closing chapter also clarifies the matters that remained out of the scope
of this work and must be addressed in the following future works.
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1.2 Scientific Contributions

Parts of this thesis have been previously published at international peer-reviewed confer-
ences, peer-reviewed workshops, or investigated during special workshop sessions. The
general idea and the primary motivation of this work regarding context prediction ar-
chitectures in intelligent vehicles, the impacting domains and the associated challenges
of them were discussed thoroughly in:

� Sina Shafaei, Fabian Müller, Tim Salzmann, Morteza Hashemi Farzaneh, Stefan
Kugele, Alois Knoll: Context Prediction Architectures in Next Genera-
tion of Intelligent Cars. 21st IEEE International Conference on Intelligent
Transportation Systems, 2018

With the help of a manoeuvre planning system, as a leading use case application in
autonomous vehicles, we outlined the safety challenges in both the design-time and
the run-time phases. Then, we thoroughly examined the possibility of four potential
safety monitoring mechanisms that can be deployed and efficiently operate in different
driving conditions, and respectively demonstrated the potential advantages and possible
shortcomings of each one of them in detail in:

� Sina Shafaei, Stefan Kugele, Mohd Hafeez Osman and Alois Knoll: Uncertainty
in Machine Learning: A Safety Perspective on Autonomous Driving.
First International Workshop on Artificial Intelligence Safety Engineering, SAFE-
COMP Conference, 2018

The first focus point of our work in the safety domain was in the design-time phase. We
developed a safety violation identification framework that allows the effective enforce-
ment of safety measures and standards into the development chain and facilitates the
identification of safety violations in design-time. We were able to demonstrate promis-
ing results in detecting and identifying the relationships between the “actions that are
taken” by the driving agent, “type of the detected safety violations”, and the “recognition
of safety-critical situations” in driving scenarios in the CARLA simulator environment
based on the set of pre-defined safety measures. The experiments and outcome of the
evaluations are published in:

� Lukas Heinzmann, Sina Shafaei, Mohd Hafeez Osman, Christoph Segler and Alois
Knoll: A Framework for Safety Violation Identification and Assessment
in Autonomous Driving. AISafety: The IJCAI-19 Workshop on Artificial In-
telligence Safety, 2019

For the run-time phase, we evaluated the chosen proposal for the online safety monitoring
mechanism in the CARLA simulator with an exclusive focus on visual sensor data.
We demonstrated the advantage of exploiting the expressiveness of neural networks by
incorporating contextual data while maintaining the monitor setup’s robustness due to
its ensemble-like structure. The designed architecture of the monitoring mechanism and
the evaluation scenarios, along with the preliminary results on the effectiveness of the
newly proposed monitoring concept, are described in detail in:
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� Saasha Nair, Sina Shafaei, Stefan Kugele, Mohd Hafeez Osman and Alois Knoll:
Monitoring Safety of Autonomous Vehicles with Crash Prediction Net-
works. SafeAI: The AAAI’s Workshop on Artificial Intelligence Safety, 2019

� Saasha Nair, Sina Shafaei, Daniel Auge and Alois Knoll: An Evaluation of
“Crash Prediction Networks” (CPN) for Autonomous Driving Scenarios
in CARLA Simulator. SafeAI: The AAAI’s Workshop on Artificial Intelligence
Safety, 2021

In the emotional awareness sub-domain of this work, we aimed to evaluate the in-cabin
behaviour-based emotional indicators, identify the impact of their integration into emo-
tion recognition systems, and enlighten the challenges of developing a multimodal struc-
ture that utilizes behaviour-based emotional indicators in its recognition pipeline. For
this purpose, we performed an empirical study through a survey to directly incorpo-
rate the subjects’ inputs; redefined our definition of in-cabin behaviour, and respectively
picked the “vehicle acceleration intensity” and “steering wheel angular velocity” as the
leading in-cabin behaviour-based emotional indicators for our evaluations. With the
help of data collected through the VIRES VTD (virtual test drive) simulator and the
designed multimodal architecture, we demonstrated the positive impacts of the fusion of
behaviour modalities with the facial expression-based modality for classifying the sub-
jects’ emotional states in an in-cabin environment. We also demonstrated the importance
of adjusting the length of the observation-prediction window and properly defining the
decision-making stage for performing classifications in such systems that must be taken
into account due to the dynamically changing environment around the subjects. The
following publications cover the evaluation phase of our works in this regard:

� Sina Shafaei, Tahir Hacizade, and Alois Knoll: Integration of Driver Behavior
into Emotion Recognition Systems: A Preliminary Study on Steering
Wheel and Vehicle Acceleration. In: Computer Vision - ACCV 2018 Work-
shops, 2018

� Mesut Kuscu, Sina Shafaei and Alois Knoll: Abnormal Driver Behavior De-
tection for Automated Emotion Recognition (Poster). 6th French-German
Summer School, Emotion-aware Vehicle Assistants (EVA), 2018

Additionally, the following international workshop has been organized at the 2019 IEEE/RSJ
international conference on intelligent robots and systems (IROS 2019), exclusively to
represent the main objectives of this work and discuss the open challenges and research
directions in this domain with other researchers:

� International Workshop on Machines with Emotions: Affect Model-
ing, Evaluation, and Challenges in Intelligent Cars. Sina Shafaei, Alois
Knoll, Radoslaw Niewiadomski, Stefan Kugele, Christoph Segler, Morteza Hashemi
Farzaneh. Co-located with IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), 2019
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The following publications did not directly contribute to this work but are associated
with some of the objectives of this thesis:

� Stefan Kugele, Vadim Cebotari, Mario Gleirscher, Morteza Hashemi Farzaneh,
Christoph Segler, Sina Shafaei, Hans-Joerg Voegel, Fridolin Bauer, Alois Knoll,
Diego Marmsoler, and Hans-Ulrich Michel: Research challenges for a future-
proof e/e architecture - a project statement. 15st Workshop Automotive
Software Engineering, 2017

� Ana Maria Radut, Sina Shafaei: A Regression-based Control Approach for
Limited Slip Differencial. TUM (Technical Report), 2017

� Stefan Kugele, David Hettler, Sina Shafaei: Elastic Service Provision for In-
telligent Vehicle Functions. 21st IEEE International Conference on Intelligent
Transportation Systems, 2018

� Christoph Segler, Stefan Kugele, Philipp Obergfell, Mohd Hafeez Osman, Sina Shafaei,
Eric Sax, Alois Knoll: Evaluation of feature selection for anomaly detection
in automotive E/E architectures. 41st International Conference on Software
Engineering, Companion Proceedings, 2019

� Mohd Hafeez Osman, Stefan Kugele, and Sina Shafaei: Run-time Safety Mon-
itoring Framework for AI-based Systems: Automated Driving Cases.
The 26th Asia-Pacific Software Engineering Conference, 2019

� Michael Hammann, Maximilian Kraus, Sina Shafaei, Alois Knoll: Identity Recog-
nition in Intelligent Cars with Behavioral Data and LSTM-ResNet Clas-
sifier. CoRR abs/2003.00770, 2020

Respectively, the following international workshops have impacted this work:

� International Workshop on Data Driven Intelligent Vehicle Applications
(DDIVA). Alois Knoll, Emec Ercelik, Esra Icer, Burcu Karadeniz, Christoph
Segler, Sina Shafaei, and Julian Tatsch. Co-located with IEEE Intelligent Vehicles
Symposium (IV), 2019

� 2nd International Workshop on Data Driven Intelligent Vehicle Appli-
cations (DDIVA). Alois Knoll, Emec Ercelik, Esra Icer, Neslihan Kose, Burcu
Karadeniz, Christoph Segler, Sina Shafaei, and Julian Tatsch. Co-located with
IEEE Intelligent Vehicles Symposium (IV), 2020

Furthermore, the following patent application was also registered aligned with the goals
of this work but had no direct influence on the research objectives:

� Christoph Segler, Sina Shafaei: [Patent] Verfahren, Vorrichtung, Computer-
programm und Computerprogrammprodukt zur Datenbearbeitung für
ein Fahrzeug. Patent Application DE 10 2018 202 348 A1, 2018

7



2 Introduction

2.1 Motivation

Machines are usually designed to either fill in the existing gaps in our daily activities or
replace the humans in performing boring or dangerous tasks, with the ultimate goal of
increasing the level of comfort and safety. The user acceptance is also an important factor
in developing new technologies. All this together indicates the critical role of humans at
the epicenter of the development chain. Nowadays, machines can be found at nearly every
corner of our surrounding environment while affecting all aspects of our lives, from our
bedrooms to offices and workplaces. Establishing a certain level of trust between humans
and machines is necessary to maintain sustainability and preserve the high quality of
the provided services. However, this trust matter and establishing of it is a challenging
matter due to the complex nature of most of the involved factors. Having a clear,
well-structured perspective that incorporates all the relevant parameters contributing to
the overall context is crucial for addressing the existing issues. A subject’s actions are
usually defined and justified only when the relevant context is thoroughly and adequately
addressed. The human user is one of the main elements and, in most of the cases, the
root cause in shaping that context and completing the decision-making loop. From
a general perspective, context is formed around a subject by identifying the involved
factors and parameters and clarifying the existing correlation among them as well as
their impact on the subject. Human actions and decisions can be appropriately defined
by incorporating the relevant context, such as the time, location, and other factors
affecting the decision-making process. Context-aware applications are the ones that rely
heavily upon context, and their behavior and decision-making process follow the changes
in the context accordingly. Recent technologies and developments aim to quantitate
the context and utilize context prediction architectures to enhance the efficiency of the
applications and facilitate their functions for the end-users. The automotive domain
is also one of the fields that have considered the benefits of context-awareness in its
developed applications. The recent trends in this field demonstrate a promising future
for this matter; however, it introduces a new set of challenges as well. For example, how
we should perceive an autonomous vehicle. Is it genuinely an intelligent agent, capable
of defending its actions and decisions regardless of its user, or is it just a different type
of device with more options and buttons than a conventional vehicle, under the human
user’s control? In safety-critical situations, who would take the final decision: the car
or the users of the car? There is no consensus on these questions among researchers,
developers’ communities, and car manufacturers at the moment; however, among all the
car makers, Daimler was the first one which recently announced that if it comes to a
situation that the car will require to decide to save either the life of its passengers or
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the people on the street, the autonomous vehicles built by them, will give priority to its
passengers.

This work investigates the involved determinants and hurdles in enabling context pre-
diction architectures and maintaining context-awareness in intelligent vehicles from the
perspective of two fundamental and challenging domains. In this respect, as is depicted
in Figure 2.1, we outline two areas of safety assurance and emotional awareness as the
focus domains with the highest impact on the development of efficient context predic-
tion architectures in intelligent vehicles. On the one hand, emotional awareness directly
influences generating context and contributes to context awareness of the vehicle and its
applications from the driver and occupants’ side. On the other hand, the safety domain
relies extensively on context awareness to enforce efficient safety policies and preserve
the required assurances. Excluding the driver and the occupants from the equations of
the safety domain makes this field irrelevant. Besides, maintaining emotional awareness
inside the cabin environment is essential in determining the acceptance of the vehicle’s
provided services. A widely utilized application of this phenomenon is the feedback loop
which is not only used in comfort applications but is utilized in driving dynamics and
safety-critical functions as well. Each of these domains contains a sub-set of important
elements facing technical issues that we aim to tackle during this work. The considerable
complications in developing artificial intelligence-based models and algorithms, such as
uncertainty, along with the concerns related to the enforcement of safety standards as
well as designing efficient monitoring approaches for the safe operation of the associated
applications, are categorized under the safety assurance domain with a strong focus on
design-time phase. Respectively, the emotional awareness side focuses on the in-cabin
environment and, more precisely, the human-machine interaction. Investigating this ob-
jective requires revising the definitions and the impact of the driver in interaction with
vehicle applications inside the cabin and their functions. Besides, modeling the in-cabin
emotional behavior is necessary to enable multimodal emotion recognition systems and
maintain the occupants’ emotional states. Modeling user emotions is a complex chal-
lenge by nature. From a technical point of view, it is utilized as the complementary
part of the feedback loops for the applications that closely interact with the users, e. g.
drivers. The lack of generic models for emotional profiling of the driver and address-
ing different involved modalities in recognizing emotions inside the cabin enlightens the
importance of incorporating different factors and employing multimodality to maintain
reliable emotional awareness. In the following, we will investigate each of the areas listed
in Figure 2.1 more closely to shed light on the list of open challenges.

2.1.1 Context Awareness

The most significant benefit of context-aware applications becomes visible in mobile
sensor-rich devices. Smartphones and wearable gadgets have become highly adaptive to
the environment they are used in and, therefore, improved the engagement with users.
However, the set of sensors and the desired functionality of such devices is limited and
well defined. A car, by definition, is also a mobile device. Compared to smartphones, it is
equipped with an even richer set of sensors and aims to fulfill many kinds of functionality,
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Figure 2.1: Enablers of context prediction architectures in intelligent vehicles considered in this
work

including highly complex driving tasks. The growing number of intelligent components
inside a car leads to a considerable increase in the produced data. The paradigm of
context-awareness that enables the proactiveness for the applications based on this fea-
ture plays a significant role in managing this data while offering numerous prospects and
advantages for existing and new applications through the intelligent vehicle.

This leads to developing context prediction architectures that promise reliable solu-
tions in enhancing the comfort of the occupants and vehicle dynamics while maintaining
safety standards [13]. The importance of such architectures is also evident in the direc-
tion of new advancements in the automotive domain toward increasing the autonomy of
vehicles. In referring to automated driving in this work, we consider the level-taxonomy
defined by the SAE in standard J3016 [14]. It marches from 0 to 5, where level 0 refers
to driving entirely in manual mode, and level 5 refers to driving in a fully automated
mode without a steering wheel and controlling pedals. In level 1, either the longitudinal
or the lateral control is automated. In contrast, in level 2, both degrees of freedom are
automated, but the driver has to monitor the vehicle’s operation constantly and, thus,
is in full response at all times. Cars equipped with level 3 systems can conditionally
drive autonomously, while the driver is not required to monitor the system constantly.
However, the driver is still the fallback if the conditions are violated and the car issues a
take over request (TOR). Then, the driver has to regain control over the vehicle within
a limited period. This moment is critical, as the driver must understand the current
traffic situation within the given time frame, even in situations entirely out of context.
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In highly automated driving of level 4, the car can already drive in autonomous mode
during specified situations but will continue to operate safely if the TOR is ignored.

Abowd et al. define the context as “any information that can be used to character-
ize the situation of an entity” [15]. Due to the high amount of sensory data, it is not
straightforward to define which sensor input directly forms a/the context; however, the
comparable impact of the contributors must be identified. There are already some ap-
proaches to enabling context-awareness in automotive software architecture. According
to early developments, the context data can be stored on a central server [16] or on a
layered architecture that relies on a context provider’s services [17]. The complex nature
of the produced data set in an intelligent car and the lack of comprehensive modeling
and evaluations make it difficult to define a general functional context-based architec-
ture. To achieve this goal, one must acquire considerably broad knowledge and a better
understanding of multiple involved domains to evaluate them based on the impact level.
More importantly, it is vital to properly recognize and address the challenges to steer
in the right direction. Modern context-aware applications can also predict the future
context while using the current context to improve the user experience. This feature
empowers a huge number of new applications and potential developments accordingly.
Furthermore, as the future context is predicted, the application can rely on anticipation
by adjusting how it interacts with the user or automatically remodels its functionality.

An automotive context prediction architecture enables a wide range of new driver
comfort features and extended driving functionalities. As an intuitive example for com-
fort applications, the seat and in-cabin temperature could be adjusted before the driver
even enters the car. Moreover, a context-aware architecture can considerably increase
the energy efficiency of the systems [18]. This feature could even be improved further by
enabling context prediction in vehicle platforms, which is a great advantage in modern
electric cars with limited energy capacity. Recent developments of machine learning-
based applications in intelligent vehicles and the ever-growing utilization of AI make
it inevitable to neglect the role of newly developed models in defining and consuming
context and respectively enabling proactiveness. Let us consider two typical and basic
applications in a vehicle that can be deployed based on a context prediction architecture
and benefit from the context-awareness to provide proactive services. These use cases
help us to intuitively demonstrate the general concerns and domains of challenges in
maintaining context awareness for vehicle applications:

� Heating, Ventilation and Air Conditioning (HVAC) system: is a set of
functions to improve the comfort of the driver and passengers inside the cabin.
While every modern car provides some HVAC system, their context-awareness is
limited and does not employ any specific context prediction mechanism. Much of
the functionality of an HVAC system is very straightforward and results in simple
actions taken by the system; therefore, HVAC is one of the straightforward yet
promising use cases that intuitively demonstrates the benefits of context-awareness
for providing pro-active comfort services inside the car while outlining the service
demands. Our leading application for an HVAC system is the comfort functionality,
where the inner space temperature of the car is automatically adjusted to ensure
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the welfare of the occupants. The effectiveness of this service, and respectively the
users’ satisfaction, can be detected by the emotion recognition systems designed
to monitor the driver and passengers’ emotional status and well-being.

� Adaptive Cruise Control (ACC) system: describes an essential function for
semi and highly automated driving. It enables the car to automatically stay on
a lane with a preset velocity or follow another vehicle if it goes slower than the
preset velocity. In contrast to HVAC, the ACC only provides a single function
to the user. The underlying functionalities of ACC and the generated trajectory
make it genuinely more complex than the HVAC system. Lane detection is a vital
sub-function of ACC, and we consider it the leading application of our ACC use
case.

There are different solutions in the automotive domain to maintain the context-
awareness and enable the proactiveness in the applications such as those mentioned
above. However, the standard set of concerns regarding the potential involved chal-
lenges can be grouped and categorized as follow:

Prediction and Inference Methods There are widely used methods for prediction
and inference in different domains of research related to context prediction. A thor-
ough and detailed comparison of them is represented in [19]. The sequence prediction
approach is one of the exceptionally researched ones in theoretical computer science.
D. Cook et al. [20] provides a comprehensive overview of sequence prediction techniques
focusing on smart homes. Another approach is based on Markov chains which are formal
models. Some projects utilized them to address context prediction problems, like the one
presented at [21], in which the authors addressed an active device resolution problem,
or respectively, the work presented at [22], where the authors used discrete-time Markov
chains to predict the driving route. Dynamic Bayesian Networks (DBN) is a generaliza-
tion of Markov models while avoiding some of the Markov model’s shortcomings which
got used in numerous projects like the user modeling and user goals inference at [23],
and respectively predicting the person’s indoor movement at [24] by representing the
context as DBN where the possibility of visiting the current room depends on several
rooms visited previously. Here the duration of staying depends on the current room,
exact time of the day, and the exact day of the week. The neural networks in machine
learning are gaining more and more success in solving various problems like pattern as-
sociation, recognition, and function approximation; hence, they are promising enough to
be used as a reliable approach here. One of the earliest works represented at [25], where
the authors describe an intelligent house that predicts expected occupancy patterns in
the house, estimates hot water usage, and the likelihood of entering a zone. Similar use
cases based on neural networks for context prediction can be found in works presented
at [26,27,28]. The majority of these prediction and inference methods are employed for
specific use cases and in laboratory environments; hence, it is evident that there is a lack
of a general prediction method that performs equally well in all of the use cases and can
be utilized in the automotive domain.
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In order to select and integrate a method into the context prediction architectures
of vehicle platforms, there are a set of concerns that must be taken into account in
advance. First, the knowledge inference factor must be identified beforehand since some
of the state-of-the-art prediction approaches, like neural networks, do not consider the
prior knowledge inference in their decision-making process. Moreover, the prediction
core must provide a reliability estimation while maintaining the developer’s readability
to have the option of validating the correctness and verifying the safety of the predicted
context or decisions taken. This fact also indicates the importance of the observability
factor in decision-making regarding being a white or black box. In most cases, the
information loss in pre-processing step is unavoidable. Nevertheless, this loss shall not
affect the critical and relevant features in a way that the predicted context ends up
in an undesired region. Besides, the other related concern is the mutual dependency
between the predicted context and system actions which is still an unsolved issue in the
current state of development. The works on Markov Decision Processes (MDP) address
this issue. MDPs are a plausible and practically effective way to predict the context
in situations when Markov models are applicable, and control actions can significantly
affect prediction results. However, the prediction of context can also be seen from a
relatively different angle:

� Feature prediction: For a function, it focuses on finding correlations between
the feature subsets (known as the current information) and the output. If such a
correlation exists, the information is likely to be part of the function’s context. So
far, this has not been a focus of context prediction architectures in automotive.
However, other fields of study have already started research in this area. For
example, finding correlations in big data sets (e. g. buying habits) is of great
interest in marketing. Some tools like association rule learning or market basket
analysis aim to find correlations in data. Regarding this issue, evaluating the
existing models from other fields and checking the feasibility of integrating them
into the automotive domain is undoubtedly beneficial. It is worth mentioning that
correlation does not automatically deduce a causal connection. This sentiment has
to be accepted and kept in mind at the time of designing the relevant models.

� Time-series prediction: This is another alternative to feature prediction. Sigg [29]
and Rosa [30] both overview different machine learning models and the correspond-
ing feasibility and integration for context time-series prediction. For a general
model, it is imperative to get set or automatically vary the prediction horizon. Re-
calling the ACC use case, only the past and next seconds are essential and convey
helpful information. However, for the HVAC use case, it is required to predict the
context for the next minutes or even hours to achieve the desired efficiency. A
practical example is when the planned navigation route is over a mountain pass.
As the temperature is expected to drop in such locations, the in-cabin heating
should be increased. For this aim, it is necessary to inspect the existing models
used in traditional prediction architectures and adapt or extend them accordingly.
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Output/Action Inference Finding a relatively generic model that describes the out-
put/action inference within a context prediction architecture in an intelligent vehicle is
challenging. Therein multiple factors play a role. First of all, depending on the func-
tionality, the complexity of the output might be considerably high. For example, in our
ACC use case, the output is a structure describing the lanes on the road. Furthermore,
the output is much more complex when there is more than one output value, like in the
HVAC use case (e. g. desired temperature). Also, the input dimension might vary (as
known as dynamic context features), and the data representation in those dimensions
can vary too (like normalization, discrete/continuous, etc.). Therefore, it is challenging
to find a supervised model which is generic enough to serve all purposes in this regard.
Reinforcement learning, however, enables a shift of complexity from the model itself
towards finding an action policy and a suitable reward function. Here the model and
learning algorithm is the same for all use cases. The policy and reward function must
be defined separately and desirably enforced dynamically for each use case.

Online Learning The functionality of the components and applications must be stud-
ied regarding the different dimensions of data flow to decide which one could/should be
deployed and benefit from online learning. For a plug & play architecture, it is essential
to learn the necessary context features online. The other context-related elements have
to be highly adaptive and get acquired online since their input dimensions are exposed to
potential changes. In this case, most of the desired context-aware functionality must be
available in the car at the beginning of the usage or be learned without hesitation. Espe-
cially for context prediction, it is essential to learn the desired output of the application
quickly. For the use case of HVAC, the deployed algorithm has to acquire knowledge
about the desired temperature of an individual after a short period and quickly adapt to
changes. Otherwise, it is not an enrichment and will not be accepted by the driver. This
procedure is not feasible with pure online learning methods. Hence thorough research
into possibilities to combine offline and online information for the training of models is
required like Ye et al. [31] in representing an online planning approach with regulariza-
tion included in an autonomous driving system for real-time control of the vehicle. This
work itself was originated by the proposals of Gelly et al. [32] on “algorithms that com-
bine the general knowledge accumulated by an offline reinforcement learning algorithm,
with the local knowledge found online.”

End-to-End Learning Having said that, all context-related components support dif-
ferent aims; they also are highly dependent on each other. If the context features are
determined online, as mentioned earlier, the following components must be adaptive.
This matter raises the question of whether developing independent models for each com-
ponent is reasonable. Working towards end-to-end learning could be an alternative in
this case. Even a single model for all functionality that receives all information as in-
put and all expected output-actions as output can be plausible. This is a reasonable
approach to rely upon for HVAC functionality with its multiple actions of limited com-
plexity. In contrast, this does not seem to be a promising approach for the use cases
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like ACC with a highly complex output and underlying structures. On the one hand,
finding good models for end-to-end learning is difficult and often a matter of experience.
Besides, it is still reasonable to use a reinforcement learning-based approach to shift
the focus toward finding a suitable policy instead. On the other hand, an end-to-end
learning approach has the advantage that interfaces between components are dynamic
by definition.

2.1.2 Safety Assurance

In a domain-agnostic model, Varshney et al. [33] defines safety as the minimization of risk
and uncertainty. In other words, it is the absence of failures and dangerous situations.
From this perspective, safety is an essential consideration when it comes to automotive
software architecture. When we approach an entity, naturally, we investigate its safe-
ness from our perspective, but what is being safe, and how do we approach it in the
automotive domain? The scientific perspective on safety is focused solely on providing
high-level definitions and a list of requirements for its adaptations toward the changes
in different contexts. Then, the system developers take the definitions and enforce them
accordingly into the desired development chains of the applications and systems. How-
ever, the abstract definitions of safety are not enough in practice due to the lack of solid
development guidelines; therefore, it amplifies the need to have technical mechanisms for
the integration purposes and monitor the system’s safe functioning, not only in design-
time but especially during the run-time phase. These technical mechanisms provide a
set of principles to enable safe actions and maintain safety in application functions. Be-
sides, the users of the applications and the systems must feel safe in their interactions
with the vehicle in order to embrace them. This matter demonstrates the vital role of
user preference and its impact on the application’s design phase, development chain, and
deployment.

The functional safety concerns in automotive software development are addressed by
the ISO 26262 [34], an international standard established to ensure that all components
have been designed and developed with rigor to ensure safety by minimizing random and
systematic failures. Current software methodologies and tools to establish safety assur-
ance in safety-critical systems have been around for a long time and represent quite a
mature field [35]. However, the trouble is that these methodologies have been developed
for traditional software systems, i. e. the ones that have been explicitly hardcoded to
act in a certain way, with a definite set of requirements. However, the conventional ver-
ification and validation methods cannot perform as expected in dealing with knowledge
inference and machine learning-based solutions. This concern is also a crucial matter in
context discovery, inference, and prediction.

Consider the neural networks as one of the promising candidates commonly used to
enable the applications’ context-based pro-activeness. The main challenges from the
safety perspective can be enumerated as black-box structure, implicit specification, and
lack of proper coverage-based testing [36]. Splitting the data into train, validation, and
test data is one of the popular methods and is extensively used nowadays to ensure that
the developed adaptive system works well for the given set of inputs. This method helps
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to verify the functioning of a neural network but is not usually extensive enough to be
considered a guaranteed approach in ensuring context-based safety-critical systems [37].
Being left with only a small set (typically around 20%) of samples to test the model is
one of the various arguments for lack of trust in the train-validation-test method. This
issue will increase the possibility of being ignored for potential cases of high interest and
unpredicted context. Test data generation tools can also be seen as a solution to tackle
this problem by generating synthetic data points for testing the trained neural networks.
According to their correct behavior, this approach is beneficial for the verification pro-
cedure of the neural networks by unveiling missing knowledge, as known as context, in
fixed neural networks and increasing the confidence in the working of adaptive neural
networks [37]. Similarly, rule extraction algorithms can be used to model the knowledge
that a neural network has acquired during the training phase. These rules can be gen-
erated in a conjunctive or subset selection form. The rules extracted can be manually
verified by integrating them into the human-readable format or using a proper model
checker tool. This method can be helpful to establish trust in the system, as it augments
the explainability of the system. It also aids traceability of the requirements, as one can
verify whether the rules depict functional requirements specified for the system. They
can also help examine the various functional modes of the system and help to ensure
the inclusion of safe operation mode by specific inputs. Considering the advantages of
this method, it can be a reliable solution for offline learning systems, wherein in the ver-
ification and validation phase, the system designer can extract rules from the network
when the training is completed. On the other hand, online feature learning is a must
for plug & play architectures. Utilizing it creates an added overhead for the system due
to the rules needed to be extracted after every iteration to ensure that the learning has
been performed as expected. This method can be an expensive and challenging issue in
terms of computation and time. However, there are solutions like online monitoring
which is a technique that uses multiple monitors working together as an oracle to provide
information about the functioning of the neural network in order to aid stability and
convergence analysis [38]. The goal here is to ensure that the adaptation dynamics do
not cause the network to diverge, triggering behavior unpredictably. Data sniffing [39]
is an example based on the preceding technique, which studies the data entering and
exiting a neural network. If a particular input could pose negative results, the monitors
generate an alert and even flag down the data, thereby not allowing it to enter the sys-
tem. This method is favorable in cases where outliers could degrade the functioning of
the system.

2.1.3 Emotional Awareness

Emotions have enormous effects on our cognitive performance. Respectively, memory,
attention, problem-solving, and decision-making are among the most significant cognitive
abilities that are highly engaged with driving tasks. It is known that drivers eliciting
anger or excessive happiness are biased in their risk estimation abilities, resulting in
a lowered driving performance and safety preservation [40]. Intelligent in-car systems
could use in-cabin emotional awareness to adapt their behavior empathically or provide
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relief for negative emotions and improve driving safety and comfort level [41]. The com-
fort and safety here are not entirely independent attributes. For example, it is evident
that driving with a low comfort level for an extended period results in increased fatigue,
negatively impacting safety due to a loss of focus on the driving tasks. Dealing with
this issue requires constant driver state monitoring, which is a considerable challenge
in semi-automated driving systems that rely on the driver as a fallback when they can-
not handle a situation by themselves. In such cases, the system needs to be aware of
whether the driver can take back control in a safe period. In fully autonomous driving,
comfort will become a decisive market factor from the manufacturer’s perspective since
the safety of the driving itself will be taken for granted by the customer. The well-being
monitoring mechanism in the cabin environment is mainly camera-based and relies upon
the driver’s facial recordings. The desired emotion recognition can also be achieved by
other modalities such as audio-based approaches, while the driver/passengers interact
with the intelligent assistant application of the vehicle, or simply through the pop-up
questions on the head unit, which requires the direct input of the occupants regard-
ing emotional feeling. On the one hand, asking directly from the user will provide the
most accurate answer about his/her emotional status. On the other hand, it is not a
practical approach since it will impose too much distraction and frustration upon the
subject. Respectively, although the camera-based solutions perform better for continu-
ous emotion recognition, they lose their efficiency and functionality by sudden changes
in the in-cabin environment. For example, by entering the vehicle into a tunnel which
leads to a sudden change of the interior lightning or direct illumination into the camera
from external sources, the camera may not be able to feed the expected input correctly
to the consumer applications, and this will affect the quality of the context-based pro-
active services relying upon continues recognition of emotions as their feedback loop.
Similar challenges apply to other approaches, such as audio-based solutions that suffer
exclusively from insufficient data to predict based on continuously.

2.1.4 Situational Awareness

Newly introduced concepts of cloud-based services and Car-to-X (C2X) information
sharing are now growing fast in the automotive domain. Their utilization in intelli-
gent vehicles highly impacts situational awareness and context prediction architectures.
Thanks to these technologies, new context can become available to cars without be-
ing obliged to sense it themselves. This can be the exchange of trajectories with other
vehicles (as known as Car-to-Car) for the functions involved in automated driving or
information about the current status of the environment around the vehicle, like traffic
lights (as known as Car-to-X). A context prediction structure can better understand
and predict more accurately due to the quickly changing environment by utilizing such
information. In an idealistic scenario, the rich sensory infrastructure of the leading ve-
hicle can provide a high-quality data set for the ego vehicle to be used in forming the
knowledge base for the context, hence widening the horizons of pro-activeness for the
integrated applications. However, communication remains as the Achilles heel for this
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domain. As Wagner et al. [42] point out, ensuring the compatibility interfaces for C2X
is also a significant challenge.

Despite these challenges, the utilization of cloud services and C2X communication
can be considerably beneficial in modeling and predicting the future context for the
applications of the vehicle. However, with all the benefits that cloud services, C2C
and C2X, bring to the driving, there is a rising concern about ensuring the network’s
security. Avoiding malicious data injection into the intelligent components by an external
attacker, especially on the services that rely on online learning and detecting the safety
violations by the provided information (e. g. trajectories) either by the environment or
other vehicles, must be addressed. Nonetheless, this feature brings many opportunities to
context-aware and context prediction-based applications. It is also an essential element
required for enabling the pro-activeness of intelligent applications integrated inside the
vehicle.

2.2 Research Goals

This work takes a practical approach to investigate the critical factors that enable con-
text prediction architectures in intelligent vehicle platforms and respectively provide
pro-activeness for the vehicle functions with the help of context awareness. For this
purpose, safety assurance and emotional awareness domains are chosen to be addressed
accordingly as the primary determinants for context prediction architectures that have
an indispensable role for human drivers in their development chain. These domains’
design-time and run-time phases contain various applications, from driving modules to
comfort services. The main designated research objectives and goals of this work are
categorized as follow:

� Safety assurance: It is a challenging task to integrate the specific safety measures
of the existing (as well as newly developed) standards and enforce the safety rules
in the development phase of AI-based applications in vehicles. From AI practition-
ers’ perspective, the development of the applications mainly focuses on increasing
the performance factors, such as the accuracy of the functions. However, this
viewpoint comes with the price of excluding the important inferring concepts like
safe operation from the technical scope in most of the cases. Hence, it is crucial
to provide a reliable use-case-independent platform to promote the enforcement of
safety rules and standards into the AI development chain and facilitate the identifi-
cation of safety violations for the experts during design time while maintaining the
overall efficiency of the system (Research Goal 1). Besides, by considering the
black-box nature of most of the AI-based applications in intelligent vehicles with
regard to the decision-making process, we aim to address the critical considerations
in designing a reliable safety monitor for applications involved in driving task and
respectively develop an application-independent adaptive solution to monitor the
safe operation of the driving agents during the run-time (Research Goal 2).
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� Emotional awareness: The conventional applications that utilize the users’ emo-
tions usually rely on camera-based approaches. Despite the general capability of
such approaches to predict the subject’s emotional state with high accuracy, they
are not a robust solution for the in-cabin environment. The emotional awareness
itself is a multimodal challenge, and its related concerns can not be addressed from
the perspective of one modality alone. The presence of occupants, especially the
driver, incorporates multiple emotional indicators that are seen as contextual fac-
tors for comfort and safety applications. One of the main objectives of this work
is to investigate the utilization of in-cabin behavior modalities as the emotional
indicators and identify the impact of their integration into emotion recognition
systems (Research Goal 3). This set of objectives requires an in-depth study of
the in-cabin behavioral factors and a precise evaluation of state-of-the-art machine
learning-based methods on different modalities. The ultimate goal is to identify
and address the challenges in developing a behavior-based multimodal emotion
recognition structure that utilizes a reliable prediction pipeline and can be de-
ployed inside the cabin environment (Research Goal 4). Besides, an important
application of the emotional indicators of the driver is the complementary part of
feedback loops in decision-making for comfort and safety applications inside the
cabin environment. It demonstrates their influential role in enabling context-based
pro-activeness in desired services.

19



3 Background and Related Work

Numerous studies have been performed in the scientific domain regarding the develop-
ment of intelligent cars and the involved technologies in the automotive sector, espe-
cially focusing on safety and emotional awareness. Nowadays, most intelligent cars are
equipped with drowsiness and fatigue detection systems that use the driver’s emotions as
feedback and rely on the driver’s emotional status and awareness level for driving tasks.
In addition, various intuitive use cases exist that demonstrate the potential applications
for safety and emotional awareness domains in the in-cabin environment. However, the
development of such applications requires a considerable effort to address new issues and
challenges presented by the integration of artificial intelligence. For example, an intelli-
gent application such as path planning that engages with driving tasks largely increases
the decision-making process’s overall complexity. In order to clarify the perspectives and
demonstrate the importance of the motives for this work, in the following sections, we
take a gradual look into the related works in the fields of safety and emotional aware-
ness, from definitions to the current state of research and development in the automotive
domain.
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3.1 Safety

With recent efforts to make vehicles more intelligent, artificial intelligence-based solu-
tions using machine learning techniques have been absorbed by the ecosystem. They are
seen as the golden ticket for the development of intelligent applications in future systems.
These systems in the automotive domain are growing fast, speeding up the promising
future of highly and fully automated driving while fostering new challenges regarding
the safety assurance of the applications. The majority of the works in the safety domain
are focused on enforcing the standards such as ISO2626/2 on implementation of conven-
tional applications and verification of their functions. On the one hand, most integrated
intelligent services dealing with the car’s driving dynamics, such as Advanced Driving
Assistance Systems (ADAS), rely on hard-coded solutions or merely employ basic AI-
related techniques. On the other hand, the comfort domain and the applications, which
are focused on the well-being of the occupants, have made considerable progress in uti-
lizing AI and machine learning-based solutions to increase the quality of their services.
These advancements are driven by the fact that their functionality does not require
extensive verification, and they are not obliged to follow strict safety standardization
procedures.

3.1.1 Design-time Vs. Run-time

In recent years, the safety aspect of artificial intelligence has been placed at the center
of attention for researchers in different domains, especially the applications deployed
by machine learning-based methods such as neural networks and deep learning meth-
ods [43,44,45,46,47]. This issue has been investigated mainly from two different perspec-
tives of (i) Run-time [48] and (ii) Design-time [49]. However, there is still a considerable
lack of concrete solutions to address the related challenges practically. The very nature
of this concern is due to the diverse range of applications and, as stated before, dynam-
ically changing contexts for them. However, one may narrow down the problem to some
specific common grounds that would considerably target the status quo, expose the most
significant concerns and widen the scope of the potential solutions. Neural networks are
the core of machine learning and most of the respective developments in the artificial
intelligence domain. However, utilizing them is not always straightforward in the de-
velopment phases. For example, the automotive domain is based on concretely defined
standards for maintaining the functional safety of the developed applications. The main
challenges associated with applying traditional safety assurance methodologies to neural
networks, as was explained thoroughly by Cheng et al. [50], can be categorized as follow:

� Implicit specification: formal verification and validation (V&V) methods (as
suggested in ISO 26262 V model) emphasize ensuring that the functional require-
ments specified at the design time of the system are met. However, neural network-
based systems depend solely on the training data for inferring the model’s speci-
fications and do not depend on any definitive list of requirements, which can be
problematic while applying traditional V&V methods. Furthermore, this issue is
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highly use-case-dependent and can become challenging due to various applications
deployed in a vehicle.

� Black-Box structure: unlike traditional software development approaches, the
control flow is not explicitly hardcoded in neural networks. It is the reason for
referring to them as black-box structures. Traditional white-box testing techniques
such as code and decision coverage cannot be directly applied to neural networks;
thus, there is a need to construct paradigms for adaptive software systems by the
progress of this field.

To enlighten the importance of the challenges mentioned above and investigate the
existing solutions, we can examine the issue from two angles of the training phase (as
known as design-time), as the approaches that are exclusively used during the training
phase of the neural networks, and the operational phase (as known as run-time), as the
ones that are used in the execution environment of the neural networks to ensure proper
functioning. Certainly, the training phase bears more importance and has the highest
level of impact in this regard; therefore, more studies have been carried out with this
focus. We can divide the evaluated solutions accordingly, under the following categories:

� Train/validation/test split: This method is the most typical approach to ensure
that the developed adaptive system works satisfactorily for a given set of inputs.
The method involves splitting the available data to obtain three subsets in a way
that the largest of the sets is used exclusively for training. Of the remaining
two sets, one is used for fine-tuning the network’s hyper-parameters, and the last
one is used to test the working neural network to study how well it reacts to
previously unseen data points. Though this method helps to verify the overall
functioning of the neural network, it is not comprehensive enough to be considered
as an ultimate guarantee to ensure the enforcement of safety standards in high
criticality systems [37].

� Automated test data generation: The lack of trust in the train-validation-test
split method originates from the fact that one is left with very few data samples
to test against, wherein the chances are that cases of high interest might even
get missed in the testing phase. An approach to overcome this problem is to
use test data generation tools to generate synthetic data points to test the trained
neural networks. Tools such as Automated Test Trajectory Generation (ATTG) [51]
and the more recent approach of generating scenes that an autonomous vehicle
(AV) might encounter using ontologies [52] also are beneficial in this regard. This
approach can help the V&V procedure for neural networks by unveiling missing
knowledge in fixed and increasing confidence in the working of adaptive neural
networks [37].

� Formal methods: Formal verification refers to the use of mathematical specifica-
tions in order to model and analyze a system and its behavior [53]. Though these
methods work well with traditional software development processes, they have not
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shown much success in adaptive software systems. It is due to challenges in mod-
eling the non-deterministic nature of the environment, difficulty in establishing a
formal specification set to encode the desired and undesired behavior of the system,
and the need to account for adaptive behavior of the system [54]. Formal verifica-
tion techniques for neural networks deal with proving convergence and stability of
the system [55], by using methods such as Lyapunov analysis [56].

� Rule extraction: Rules are viewed as a descriptive representation of the inner
workings of a neural network [57]. Rule extraction algorithms, such as KT [58],
Validity Interval Analysis (VIA) [59], and DeepRed [60], can be used to model the
knowledge that a neural network has acquired during the training phase. These
rules can be expressed as easy-to-understand if-then statements, which itself can
be manually verified due to its human-readable format or with a third-party model
checker. This method can be helpful in establishing trust, as it augments the ex-
plainability of the system [61]. It also aids requirements traceability, as one can
verify whether the rules depict functional requirements specified for the system.
They can also help examine the system’s various functional modes and ensure that
a safe operation mode is induced by specific inputs while respecting the expected
safety limits. Though this method brings enormous advantages, it is more appli-
cable for offline learning systems, wherein the V&V practitioner can extract rules
from the network after complete training.

Respectively, the solutions related to the operational phase, namely monitoring tech-
niques, seem to be more concrete, reliable, and practical in real-life scenarios. This group
of solutions involves utilizing one or more monitors working as an oracle to ensure the
continued and proper functioning of the neural network over time [62]. The goal is to
ensure that the adaptation dynamics do not cause the network to diverge, triggering
unpredictable behavior. Data sniffing is an example of the preceding technique, which
studies the data entering and exiting a neural network [39]. If a particular input could
pose negative results, the monitors generate an alert and can flag down the data, thereby
not allowing it to enter the system. This method is advantageous in cases where outliers
could degrade the system’s functioning. In the following, we will take a closer look into
the monitoring concept.

3.2 Safety Monitors

Deep learning pipelines for autonomous vehicles can get quite complex, making it more
likely for errors to creep in. It is thus imperative to have a system that can monitor the
run-time performance of various system modules.

As depicted in Figure 3.1, a safety monitor can be thought of as an oracle that en-
velopes the system of interest [63]. It observes the run-time environment and behavior
of the system to ensure that the functions do not deviate from previously agreed-upon
safe states. If a violation is detected, the safety monitor can trigger the appropriate
intervention, which could be preventive or corrective based on the design and objectives
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Figure 3.1: The general concept of a safety monitor

of the system. However, a prerequisite for such a setup is that the monitor trusts the
sensors and the actuators in properly providing the expected feed under observation.

Figure 3.2: The safe, warning and catastrophic states fo an autonomous system [1]

Safety monitors usually differentiate between three primary states that the system of
interest can be placed in during the operations. The catastrophic state is one where
the damage has already been done and from which the system cannot be recovered
immediately. The remaining two non-catastrophic states are the safe state, where the
system behaves as expected, without any constraints, and the warning state, wherein
the system is close to being involved in a catastrophe; hence an intervention is applied
accordingly [1]. As depicted in Figure 3.2, for a system to transit from a safe to a
catastrophic state, it must always pass through the warning state; thus, the warning state
can be thought of the margin, wherein if the autonomous system executes the correct
action, it still has the possibility of being brought back to the safe state. For this purpose,
a safety strategy must be defined thoroughly, incorporating a set of safety rules that
determine how the system responds in different warning states. A popular framework
for setting up such monitors for autonomous systems is called the safety monitoring
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framework, SMOF [1]. This framework defines a five-step process for outlining safety
monitors for a target system, as listed below:

1. HAZOP-UML Hazard Analysis: utilizes UML use case and sequence diagrams
to model the autonomous system. The diagrams are then used to detect operational
hazards by assessing potential deviations in the run-time behavior of the system.
Causes, consequences, and severity are then determined for the potential hazards.
The output of this step is a list of conditions which, when they are violated, the
system is forced into a catastrophic state, i. e. safety invariants, as described in
natural language.

2. Safety Invariant Formalization: The safety invariants from the previous step
are converted to a form that can be mathematically represented. For this purpose,
the safety invariants are mapped to variables that the monitor can observe, such
that the conditions are expressed as predicates on these variables. The framework
only focuses on variables that can be compared to fixed threshold values to allow
formal verification.

3. Safety Invariant Modeling: The SMOF modeling template is used to build
state-based models to represent the formalized conditions generated in the previous
step. Each safety invariant is modeled separately to ensure that the models can be
easily validated. Furthermore, the non-catastrophic states identified in the state-
based models are partitioned into safe and warning states by splitting the intervals
that lie within the previously determined thresholds.

4. Strategy Synthesis: Considering the state diagrams with safe, warning, and
catastrophic states are determined per safety invariant, interventions are estab-
lished. This helps to ensure the system is always in (or can be easily reverted to)
a safe state.

5. Consistency Analysis and Implementation: By the safety invariants being
modeled and handled separately, the chances of developing conflicting safety strate-
gies for a set of conditions are extremely high. Thus, this step ensures global con-
sistency of the established safety strategies, followed by implementing the safety
strategies onto real-time safety monitors.

3.2.1 Uncertainty

As stated before, the integration of machine learning methods in automotive applications
provides enormous opportunities to enhance and automate the existing applications
and increase the overall performance by utilizing AI-based solutions to the end-user
of the vehicle. Most of the in-cabin applications built on top of machine learning-
based methods are related to the occupant’s comfort and do not require concrete safety
measures. Nevertheless, the applications involved in driving tasks or acting as a bridge
between the user and the vehicle dynamics are required to be formally authorized as
safe before being deployed. There are various methods to achieve an acceptable level
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of safety for the developed applications in the automotive domain. The model-based
formal verification is the widely accepted solution in this regard [64]. However, in the
presence of machine learning-based models, formal verification becomes a very tough
and challenging task due to the arising complexities directly from the models and their
different nature with regard to mathematical foundations [65]. For instance, uncertainty
in data and machine learning methods is a pivotal point to investigate one of the main
origins of safety-related concerns, especially when it comes to automotive and safety
assurance mechanisms in its applications. In order to clarify the issues which are either
directly originated or got impacted from uncertainty in intelligent cars and automated
driving applications, consider an ordinary maneuver planning system and the respective
safety-critical situations that are intuitively explained in the following scenarios:

Case 1. The system has been trained and tested on the data from roads in a country
with well-behaved traffic patterns and law enforcement, but for operation is deployed
to be driven on roads in another country with chaotic driving conditions. Another
similar case is when the vehicle has been trained and tested on roads with four wide
lane driving options, but during the operation is placed on a 2-way narrow lane road.
In such situations, the outputs of the intelligent vehicle cannot be relied upon, as there
is no guarantee that the system would behave as it is expected.

Case 2. The vehicle which employs this system decides to overtake another vehicle in
front of it. The country’s driving rules state that one must overtake only from one side
(either from left or right). Though this is imbibed in humans as the user while learning
to drive, there is no guarantee that the system in an autonomous vehicle has indeed
learned this fundamental rule and always follows it.

Case 3. The vehicle needs to execute a lane change operation to reach its goal state.
However, there happens to be a vehicle on the left side in such an alignment that increases
the possibility of a collision. Since standard deep learning techniques generate only rigid
classifications as output, there is a chance that such low probability gets ignored and
leads to costly collisions/accidents.

Case 4. Humans are designed to be innately optimistic, which might be reflected in
neural networks’ training data. Such networks in autonomous vehicles are usually trained
to exhibit the positive outputs we expect from them. Those benefits could be reaped by
getting trained to generate both positive and negative outputs. However, excluding the
negative cases has become a common practice among the developers and researchers in
the race of achieving promising results first, which puts the reliability of the outcomes
at risk.
According to [66], the uncertainty in machine learning algorithms from a high-level

perspective can be categorized into two types:

� aleatoric or data dependent; where the noise in the data is captured by the model,
resulting in the ambiguity of training input.
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� epistemic or model-dependent; which is seen as a measure of familiarity, represent-
ing the model’s ambiguity when dealing with operational inputs.

More precisely, the significant causes of concern while dealing with machine learning-
based applications are as follows:

Incompleteness of Training Data Traditional software systems are developed with
a predefined set of functional requirements. However, in neural networks, and more gen-
erally in machine learning algorithms, the system’s functional requirements are implicitly
encoded in the data that it is trained on, expecting that the training data represents the
operational environment. The setback, however, is that training data is by definition
incomplete [67], as it represents a subset of all possible inputs that the system could
encounter during operation. Insufficiency thus arises when the operational environment
is not wholly represented in the training set. In autonomous vehicles, critical and am-
biguous conditions usually tend to be problematic, where the vehicle is expected to act
predictably. Due to their extremely rare or hazardous nature, such situations tend to be
underrepresented in the training set [44,47].

Distributional Shift In the case of an autonomous vehicle, the operational environ-
ment is highly unpredictable [44] as it is constantly changing in response to the actors
within the system. Therefore, even with an excellent and near-perfect training set, the
operational inputs may not be similar to the training set. In other words, there could
be a considerable shift in the distribution of operational data compared to the original
training data, hence resulting in the unpredictive behavior of the system.

Differences Between Training and Operational Environments Subtle changes
in the operational environment can lead to a state of unpredictable behavior in neural
networks [44]. A fine-tuned neural network for a specific setting provides no guarantee
of functioning in the same way when the settings are changed at the run-time.

Uncertainty of Prediction Every neural network has an error rate associated with
it [67], the training phase aims to reduce this error rate as much as possible. In the
operational environment, this error rate can be interpreted as the uncertainty associated
with the output produced by the model. This uncertainty can convey helpful infor-
mation on how well the system models the environment; however, it is not accounted
for very much in today’s cyber-physical systems [66]. Standard deep learning models
use point estimates of the predictions rendering them incapable of dealing well with
uncertainty [68]. On the other hand, Bayesian deep learning infers distributions over
the model parameters, allowing one to adopt a more probabilistic approach to modeling
the situation [69, 70]. In addition to generating uncertainty estimates, Bayesian deep
learning also helps to reduce over-fitting. However, these models have not yet become
standard due to difficulties in optimizing the objective function. In this regard, the MC-
Dropout technique [71] helps to avoid these challenges while giving the added benefit of
making only minimal changes to the standard deep learning models. MC-Dropout works
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by applying dropout at not just training time but also during the making of predictions
in test time [69, 71]. Dropout causes a certain number of hidden units to be randomly
switched off, essentially has the effect of being a different model every time a data point
is passed through for an inference. MC-Dropout thus builds on this idea by making T
stochastic forward passes through the model and then calculating the mean and variance
of the T passes, as equivalent to applying an ensemble of neural network models, which
approximate a Bayesian function.
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3.3 Definition of Emotions

The earliest study on emotions can be traced back to 1872 when Charles Darwin wrote
his book “Expression of the Emotions”. He tried to challenge the reason for the exis-
tence of emotions in humans and other animals and the main motives to express them.
Afterward, there have been numerous studies on emotions in different scientific domains.
However, the only evident fact among them is the lack of consensus on the definition
of emotions itself. Different methodologies and models in numerous domains lead to
different definitions of emotions. Most research domains agree that emotions are more
personal experiences, making it tough to develop a general definition that suits all the
use cases. Moreover, emotions by nature are multimodal; therefore, unimodal proposals
can not be representative enough. It is true to say that the statement from Augustine
of Hippo, in his book Confessions XI, written between the 4th and 5th centuries, is the
most valid explanation in this regard: “What then is an emotion? If no one asks me, I
know what it is. If I wish to explain it to him who asks, I do not know”.

Emotions can be seen as modes of functioning, shaped by natural selection, that
coordinate physiological, cognitive, motivational, behavioral, and subjective responses
in patterns that increase the ability to meet the adaptive challenges of situations [72]. In
dealing with Affective phenomena, we must address some definitions first. If we consider
personal experience and perspective, we may refer to emotions as the intense feeling
from one’s circumstances, mood, or interactions with others. We can also refer to the
mood as a temporary state of mind or feeling. Respectively the feeling itself would
be an emotional state or reaction to external stimulus. Feelings generate emotions, and
emotions form feelings in parallel. That is why we name the experience of feeling as
affect. However, when we examine the scientific perspective, we can come up with
slightly a bit different yet more concrete set of definitions as follow:

� Emotions: multi-situated body mechanism to give semantic meaning and coordi-
nation to internal and external data in order to create action states,

� Mood: pervasive emotion over a more extended period which is user/personality-
dependent,

� Feeling: the self-perception of an emotional event,

� Affect: outward, representative, physical signs of emotions.

The emotional process itself includes certain phases and operations that are required
to be clarified in advance. Let us consider a driver in a typical driving car in level 3
of autonomy as an intuitive case study. The appraisal refers to the estimation of the
driver from the situation. The driver continuously evaluates its danger and safety level
by changing the environments and situations resulting in different driving contexts.

The natural consequence of any appraisal that could be either physical or behavioral
(in general, known as subjectivity) is called arousal. It can have representations such
as gestures, tone, or facial expressions. When the driver detects a critical situation,
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he conscientiously determines the severity of it. This measure can be spread along with
positive, negative, and [neutral] levels, called valence. In other words, valence represents
the pleasantness of the experience. Valence in emotions correlates to reaction; hence a
proper action needs to be taken accordingly (e. g. breaking in case of being in a hazardous
situation). This is called elicitation. By observing multiple situations, evaluating the
severity, and taking the respected actions, the driver learns the general goal to pursue
(e. g., “from now on, try to avoid ending up in such situations”). We call this drive; the
lesson learned by experience.
Several categories can classify emotions since they run at different levels of complexity

and performance. Philosophically the categorization of emotions can be outlined in the
paradigm of pain-happiness. The eastern perspective believes that “humans want to be
happy”, while the western perspective approaches this issue as “humans want to avoid
pain”; However, eventually, all categorizations can be mapped to one of the following
groups:

� Primary groups: high-level categorization into positive, negative, and neutral,

� Basic: as listed in table 3.1,

� Secondary (& tertiary): the objective ones with no consensus on the origin of
them. A brief number of them are listed in table 3.2,

3.4 Emotions in Neuroscience

Various distributed structures in the brain are identified to be correlated with emotions,
such as the amygdala [73], hypothalamus [74], and insula cortex [75]. Historically, studies
on cognitive processes, more specifically on attention, memory, and perception, have
excluded the role of emotion in modulating cognition [76]. However, the distinction
between cognitive and affective processes is increasingly blurred as the processes largely
overlap in neural mechanisms and structures [77]. Due to this inter-dependency, emotion
recognition is crucial in relaying information about the user’s stress or comfort level and
cognitive faculties. With this information, we can infer that emotional state is vital
for maintaining adaptive comfort of the occupants in a vehicle and is crucial in various
cognitive processes like decision-making. While behavioral characteristics can be elicited
in response to emotional states (e. g., facial expressions or gestures), they can also be
measured more directly. This process typically involves physiological measures, such
as galvanic skin response, heart rate, blood volume pulse, facial electromyography, and
electroencephalogram.

In the automotive domain, to have a comprehensive picture of a driver’s emotional
state, capturing physiological or neural data has a significant impact on inferring the
brain’s current emotional response(s). For instance, it has been demonstrated that by
utilizing EEG signals in a car, driver emotion can be successfully modeled and pre-
dicted [78, 79]. Furthermore, it has been evidenced by Shimojo et al. that the human
brain uses multimodal information in order to infer decision-making processes [80].
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Theorist Basic Emotions

Plutchik Acceptance, anger, anticipation, disgust, joy, fear, sadness, surprise

Arnold Anger, aversion, courage, dejection, desire, despair, fear, hate, hope,
love, sadness

Ekman Anger, disgust, fear, joy, sadness, surprise, wonder, sorrow

Frijda Desire, happiness, interest, surprise, wonder, sorrow

Gray Rage and terror, anexiety, joy

Izard Anger, contempt, disgust, distress, fear, guilt, interest, joy, shame, sur-
prise

James Fear, grief, love, rage

McDougall Anger, disgust, elation, fear, subjection, tender-emotion, wonder

Mowrer Pain, pleasure

Oatley Anger, disgust, anxiety, happiness, sadness

Panksepp Expectancy, fear, rage, panic

Tomkins Anger, interest, contempt, disgust, distress, fear, joy, shame, surprise

Watson Fear, love rage

Weiner Happiness, sadness

Table 3.1: Grouping of basic emotions [11]

3.5 Emotions in Automotive

In the automotive context, emotional stimuli and the current emotional state of the
driver can significantly influence the cognitive aspects [81,82]. For instance, as shown by
Zhang et al. [81], Assari et al. [83], and the national sleep foundation [84], a bored driver
may be more prone to drowsiness and consequently lose control during driving. This will
result in slower reaction speeds that can lead to an unexpected incident. Emotions also
can influence a driver in both positive and negative ways, as described by Lotz et al. [85].
For example, anger tends to be associated with riskier driving behavior, such as aggres-
sive driving. Drivers in this state are more prone to be involved in an accident, as
shown by Zhang et al. [81] and Lu et al. [86]. Furthermore, emotional stimuli in the
driving environment can also increase driver distractions [82]. Fear is another emotion
that can impact driving behavior. This impact can be positive since a fearful driver can
perceive a situation as a potential risk, enforcing defensive driving. However, fear can
also induce anxiety caused by either the driving environment or the act of driving itself,
especially by the increased level of autonomy [86]. Therefore, identifying the emotions
and addressing the emotional states is essential to determine the driver’s stress level and
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Secondary Tertiary

Suffering Agony, suffering, hurt, anguish

Sadness Depression, despair, hopelessness, gloom, glumness, sadness, un-
happiness, grief, sorrow, woe, misery, melancholy

Disappointment Dismay, disappointment, displeasure

Shame Guilt, shame, regret, remorse

Neglect Alienation, isolation, neglect, loneliness, rejection, homesickness,
defeat, dejection, insecurity, embarrassment, humiliation, insult

Sympathy Pity, sympathy

Horror Alarm, shock, fear, fright, horror, terror, panic, hysteria, mortifi-
cation

Nervousness Anxiety, nervousness, tenseness, uneasiness, apprehension, worry,
distress, dread

Table 3.2: Secondary and tertiary emotions [12]

current driving competency. It is also notable for differentiating the importance of the
emotions in higher levels of autonomy by shifting the driver’s role from the human user
to the vehicle. In order to clarify this, we can divide the current status of the research
and developments into two main categories as follow:

3.5.1 Conditional Automation

The main focus of conditional driving scenarios is on human-machine handover cases.
In situations that the intelligent vehicle can not continue to drive in its autonomous
mode, it will issue a TOR that informs the driver to regain control of the vehicle and
stop with all non-driving-related-tasks (NDRT) that was the focus of attention during
the autonomous driving period [87]. According to takeover time and takeover quality,
the recent studies on takeover situations reveal that emotions with positive valence and
high arousal achieve better takeover performance [88].

The outcomes demonstrate that tracking and understanding the emotional state can
significantly impact safety during the takeover. It is challenging, especially when the ve-
hicle gets in charge of maintaining the driver’s emotional state at all times and therefore
selects appropriate measures in advance to prepare the driver for a safe takeover without
triggering the risk of a crash or unsafe driving. The emotional awareness of the in-cabin
interfaces can also be beneficial in the presence of negative emotional states, in simplify-
ing the information and executing suitable actions to ease the tension to prevent unsafe
driving behaviors (e. g. by providing helpful information to comfort and calm down the
passengers) [89]. Meshram et al. [90] relies on an old-fashioned visual approach and
propose using an ECU camera to constantly detect the emotional status (i. e. calmness,
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happiness, sadness, or anger) of the driver and use it to evaluate the readiness of the
driver for a manual takeover. The autonomous vehicle enables manual driving in neutral
emotional states (known as calmness) and positive valence (e. g. happiness). Suppose
negative emotions like sadness and anger are detected. In that case, the vehicle stays in
automation mode with reduced driving speed, and the driver can not engage in manual
mode to prevent the risk of traffic violations.

3.5.2 High/Full Automation

Egger et al. [91] demand that “computers should respond to their users humanely” in
order to build a trustworthy relationship between humans and the autonomous vehicle.
Other studies also revealed that humans need emotions and emotional feedback to inter-
act with machines more comfortably. Thus, the autonomous vehicle must react depend-
ing exclusively on the individual passenger sitting inside the vehicle. Paiva et al. in Fig-
ure 3.3 present an affective loop of emotional robots which illustrates the embedding
of emotional awareness in systems of autonomous robots in a cycle of three phases:
emotion detection, emotional behavior generation, and emotion elicitation. As a result,
human-machine relationships appear closer when machines can examine and use infor-
mation about emotional awareness. Hence, incorporating features to enable emotional
awareness will considerably impact user acceptance of vehicle applications by achieving
a personal relationship between humans and machines.

Figure 3.3: Affective loop of emotional robots [2]

Sini et al. [92] also highlight the importance of building a trustful relationship between
humans and self-driving vehicles. The authors stress the integration of information about
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the emotional state of passengers into the calibration process of driving styles. In their
work, emotional awareness is utilized in driving features of the vehicle in order to make
the decisions taken by the vehicle closer to the passenger’s expectations as much as pos-
sible. In their subsequent work [93], they indicate the influence of emotional awareness
on safety-relevant applications like the driving style in three individual scenarios:

� Negative feelings like sadness and scariness: caring driving style is adopted
where the speed is reduced, and curves create less lateral accelerations,

� Neutral feelings like calmness: typical driving style is adopted,

� Positive feelings like happiness and pleasure: sportive driving style is adopted
with steeper acceleration and breaking,

A survey conducted by Braun et al. [94] outlines a variety of future demands and
requirements about the application of emotional awareness in autonomous driving. As a
result, drivers propose using emotional awareness measures to evaluate the best fitting
driving style of all types of passengers (e. g. mother, grandmother, children) inside the
vehicle so that everyone feels safe and comfortable. Maurer et al. also reveal similar
results in a conducted survey at [95]. Besides the general public argument on increasing
road safety by introducing autonomous vehicles, the participants highlight benefits like
stress reduction and more convenience by utilizing autonomous vehicles, which can be
achieved when an autonomous vehicle senses emotions and reacts to the present emo-
tional state of the users accordingly. In this regard, one of the early works is represented
at [96], where the authors investigated the impact of the empathetic voice assistants
deployed inside the cabin on safety. The result demonstrates that drivers with a voice
assistant that reflects their emotional state had, on average, less than half as many acci-
dents as drivers without matching voice assistants. By matching the voice assistant, the
connection level with the driver is increased, a characteristic that is usually taken over
by the co-driver [41].

In the higher two levels of autonomy, the intelligent vehicle takes over (almost) com-
plete control, and the driver becomes an ordinary passenger by delegating the whole
driving task to the car. Therefore, the vehicle must show a high level of transparency on
its actions and why it is performing them with an additional constraint to act humanly
to maintain trust and acceptance. Whereas emotional awareness in level 3 has a bene-
ficial role for safety applications, the integration of emotional awareness features is seen
as a mandatory step to ensure the introduction of level 4 and 5 vehicles [89,91]. Human
trust and human acceptance are seen as crucial concerns when thinking about highly and
fully autonomous vehicles. They only are overcome if the autonomous vehicle can build
a decent human-machine relation that considers all essential characteristics of a human-
human relation. Therefore, as discussed before in Section 2.1.2, considerable integration
of emotional awareness in all safety-relevant applications are inevitable so that the ve-
hicle can choose the best fitting driving style depending on the state of the passengers,
to make humans feel safe and comfortable and to establish trust accordingly [91,95,97].
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3.6 Emotion Recognition

Humans experience and process emotions differently. There exist two main theories
providing a thorough overview on this phenomenon, namely categorical and the contin-
uous approach. In the categorical approach, each emotion is defined using a qualitative
measure, where each measure itself is comprised of a specific emotional category like
happiness. Paul Ekman can be seen as a pioneer in this perspective, and his develop-
ment of facial expressions that correlate to specific emotional categories represents one
of the preliminary works in this regard [98]. Ekman’s continuous model that describes
emotions in a feature vector is generally based on valence and arousal measures. The
origin of this theory goes back to a psychologist named James Russell, and it is famous
as the circumplex model [99]. In this model, emotions may have a range of intensities,
and different intensity levels may lead to different emotions collectively. There exist also
hybrid approaches that combine the dimensionality and categorical information of both
fundamental theories. As represented in Figure 3.4 in Plutchnik’s work [3], there are
essentially categorical emotions that have various intensities where the farther out from
the center of the wheel, the more complex the emotion becomes.

The recognition of emotions has wide implications in different applications and recently
got the attention of many researchers in the field of automotive, especially for the appli-
cations of driver fatigue detection [100, 101, 102, 103], human-car interaction [100, 104],
and respectively the highly and fully autonomous driving scenarios [105, 106]. Accord-
ing to the 7-38-55 rule, 93% of human communication is performed through nonverbal
means, including facial expressions, body language, and voice tone [107]. Therefore, a
system that automatically analyzes the emotions of humans should exclusively focus on
these non-verbal channels. This research field is called affective computing, an emerging
research field in enabling intelligent systems to recognize human emotions. The main
challenges in automated camera-based affect recognition are head-pose variations, illu-
mination variations, registration errors, occlusions, identity bias and in general, subject-
independent affect recognition [108]. The most common and effective approach in the
field of affective classification is the utilization of multimodal methods. The general aim
of multimodal fusion is to increase the accuracy and reliability of the estimates while
maintaining the robustness of the systems. Based on empirical studies and statisti-
cal measures, multimodal systems are consistently more accurate than their unimodal
counterparts, with an average improvement of 9.83% (median of 6.60%) [109,110]. How-
ever, the fusion of multiple modalities into one single final output is a challenging task.
The right fusion method highly depends on the underlying data types and streams.
Common fusion techniques in the field of affective computing are feature-level fusion,
kernel-based fusion, model-level fusion, score-level fusion, decision-level fusion, and hy-
brid approaches [109,110,111,112]. The most common fusion techniques are feature-level
fusion and decision-level fusion. In feature-level fusion, the data from separate modali-
ties are first aggregated and then used as a single input into one model. Each modality
has its trained model in decision-level fusion, and the predictions are then combined to
a single output as the identified emotional state.
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Figure 3.4: Plutchnik model of emotions [3]

3.7 Emotional Measures

Emotions can be defined in various ways; hence, various measures exist to detect and
identify them. Ideally, for a perfect measurement of emotions, we would need to mea-
sure the changes of appraisal processes during the central nervous system processing, the
responses of neuroendocrine, autonomic, and somatic nervous systems. It also includes
action tendencies resulting from the appraisal processes, facial, vocal, and body expres-
sions, and the subjectively experienced feeling [113]. However, using all these factors in
real-life applications is not practical and plausible due to a considerably massive amount
of generated data, intrusive nature and increased complexity of medical measures listed,
and the users’ unwillingness to constantly provide feedback for the applications. This
is notable, especially in an in-cabin environment where only a subset of these measures
can be utilized due to resource limitations and safety concerns.
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3.7.1 Human Observation

An intuitive way of detecting emotions is to entrust human judgment. This method
is used mainly for creating and verifying the emotion labels in an affect recognition
dataset. A standard procedure is to record the representations of the participants during
a study. Afterward, participants watch the recorded video and annotate their emotional
states accordingly in each different frame. Therefore, psychologists have considered
the questionnaire systems extensively as the primary tool of indicating the affect and
emotional state. An established measure is the positive and negative affect schedule,
where affects can be rated on a 1-5 scale [114]. Since words for describing emotions are
used in different contexts by each individual, ratings with pictograms such as the self-
assessment manikin (SAM) are developed [115]. This approach avoids predetermined
emotion categories but is hard to transfer to a computational affect recognition system.

One disadvantage of using self-reports is the distortion of the data because of the
potential risks. For example, participants may be provided with answer possibilities
that they would not have chosen when freely describing their emotions, or the answer
set does not include the matching emotion description that they thought of; hence the
participants are forced to use a similar alternative, a residual category, or omit the
question [113,116]. Another drawback is that respondents may be unable to identify their
emotional state or refrain from giving socially uncommon answers that would lower their
social image [117], and the use of language distracts the participants in processing their
feelings and the emotional effect diminishes accordingly [118]. However, Barrett [119]
still holds the opinion that verbal report is the best method for efficiently measuring
emotions at the moment.

A second method involves the behavioral observation and labeling of emotions by oth-
ers, conventionally done by experts specialized in emotion psychology. In order to ensure
consistency in this method, the same instance is analyzed by multiple scientists. They
rely on the body and facial movements and vocal uttering. This way, the disadvantages
of the self-report can be overcome since the experts often detect emotional patterns that
individuals may not recognize or demonstrate directly [117]. Nevertheless, scientists
mostly label with a limited number of emotion categories predefined in advance [113]
which may distort the truth of the experienced emotion. Human observation is neces-
sary to collect training and test data with the outlook on an automatic affect recognition
system. Nevertheless, it is not applicable for a real-time automated emotion recognition
system inside a vehicle.

Humans often rely on facial expressions to identify the emotional state of others;
therefore, we continue with how this way of detection is transferable to a machine as
well.

3.7.2 Facial Expressions

Currently, the most frequently used measure for emotion recognition in the automo-
tive domain is facial expressions. A facial expression is a contraction of specific facial
muscles and usually lasts between 250ms and five seconds [120]. An automatic facial
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expression-based recognition system typically consists of a pipeline of face detection and
face registration, then feature extraction, and finally recognition of expression [121].

Initially, the face is recorded with a camera; afterward, it is algorithmically detected
and tracked, often using an algorithm like Viola-Jones [122], which is mainly chosen due
to its fast performance, based on a cascade of weak classifiers [121]. The main facial
features are localized on the tracked face, and optionally, more specific landmarks are
detected. In detail, eyes are the most noteworthy facial feature showing affective states
of the individuals and focus of attention [123]. For the feature extraction, either pre-
designed or learned features are used. Humans specify Pre-designed features beforehand
to extract relevant information. Then, learned features are picked up by a machine from
a set of training data [121]. In the following Section 5.5.1, we represent a similar pipeline
in more detail, designed and developed exclusively for our multimodal recognition ar-
chitecture. A widely used system for describing facial expressions is the Facial Action
Coding System (FACS), which was originally developed by Ekman and Friesen [124] and
subdivided facial expressions into one or more action units (AU). One AU has a name
and a number code for a facial muscular action, head movement, or behavior, e. g. 1 -
inner brow raiser, 51 - head turn left. Depending on the emotion, different action units
are activated, e. g. a distracted state can be detected with the action units Lip Tight-
ener (AU23), Jaw Drop (AU26), Lip Suck (AU28), and Blink (AU45) [123]. Notably,
FACS records all visually distinguishable facial movements; however, those action units
postulated as emotion-relevant are usually encoded as EFACS/EMFACS.

By utilizing action units as features and the advancements in machine learning meth-
ods, emotions have been recognized by a high accuracy with the help of K-nearest
neighbor (KNN), Bayesian networks, hidden Markov models (HMM), and artificial neu-
ral networks (ANN) [111]. From the applicability point of view, vision-based models are
well-suited for the in-cabin environment. Since drivers naturally face forward 95% of the
time, keeping a frontal head position and cameras can easily be installed in the dash-
board area. Nevertheless, the detection performs notably worse in dark or visually noisy
surroundings (e. g. significant head movement, driver wearing sunglasses or a hat). Fur-
thermore, change in the environmental conditions (e. g., in-cabin lightening) may have a
highly negative impact on the prediction outcome of such models along with the subject-
related issues (e. g. ethnicity). In order to increase the robustness of the camera-based
system that captures different head poses, multiple cameras pointing toward the driver’s
face can be used [123]. For sparsely lighted situations, an infrared/thermal camera can
detect the basic features, as seen in the eye detection model by [125] and [126]. There-
fore, achieving a more robust solution in this modality requires an extensive utilization
of extra hardware.

3.7.3 Body Movements and Behavior

Even though facial expressions are the primary indicator for sentiments, the rest of the
body is not different from representing emotional status. Previously, it had been assumed
that body behavior such as gestures or postures only shows the intensity of emotions
rather than specific emotional status [127]. In [128], Dael et al. show that the body
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obtains a diverse repertoire of emotional body postures, movements, and gestures. They
conclude that all emotions are differentiable by body behavior, even subtle emotions.
Since not many studies focus on the whole body’s movement, there is a lack of corpora
that includes body posture, movement, or gestures in this regard. For in-cabin environ-
ments, the movement possibilities are limited due to space and posture. However, the
head, shoulders, and arms can be moved freely. In [129], Mota et al. use body postures
of children sitting on a chair to detect their emotional state with a considerable accuracy
of 87.6%. They use a chair with pressure sensors, which could be incorporated into a
car seat as well.

3.7.4 Audio Signals

In highly illuminated situations and dark environments, the face and body of the sub-
jects are hardly visible; hence, audio signals become relevant in extracting emotional
status. For example, in situations of anger or road rage, a driver’s annoyed exclamations
are characteristic. Speech transmits emotions via linguistic content, yet paralinguistic
features of utterances like pitch, voice, intensity, and intonation convey emotion. Vocal
bursts like shrieks, groans, and grunts, as well as breathing and laughter, additionally
transmit information about affect [127]. While driving, stress, behavior, distraction, and
mental workload influence the human voice. Different stress levels of the drivers can be
detected by using their voice waveform [130]. Recording speech is a non-intrusive and
straightforward method to obtain emotional data, yet drivers are often alone in the car,
and therefore uttering is not always present. Audio-based affect recognition can also
improve speech-based interactive car systems by transferring the speech patterns of the
driver onto the automated voice [104]. Vocal signals can give information about the af-
fective state of the driver, especially the level of arousal. Some researchers assume that
each emotional state has a constant vocal pattern, and some argue that vocal uttering
can originate in various unpredictable states. However, it is mostly agreed upon that
some parts of a voice pattern are mappable to emotions, e. g. some voice signals during
arousal are distinguishable from those during other emotional states [131].

3.7.5 Physiological Measures

we, as humans, intuitively use visual and vocal cues for conveying emotions. However,
sometimes body signals like trembling or irregular respiration provide reliable informa-
tion about the inner emotional processes [132]. The body uses various mechanisms as
a response or trigger for emotions. The autonomic nervous system (ANS), consisting
of respiratory functioning indicators, cardiac functioning like blood pressure and heart
rate, as well as electrodermal measures (skin conductance), are the most common phys-
iological measures [117]. Emotion-related changes of physiological variables have been
investigated closely over the past years and, according to [133], are best understood
among existing emotional measures. Even if a person does not represent intensive emo-
tions, physiological patterns give away the subject’s emotional state [134].
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Physiological measures are controlled by the sympathetic nervous system responsible
for triggering arousal and the parasympathetic nervous system that reduces arousal,
hence forming the autonomic nervous system. In most research, it is assumed that
changes in the autonomic system result from variance in affect. It is not to be neglected
that various non-emotional states like mental effort or attention also result in autonomic
changes [135]. Physiological measures are suited well for experiments in the lab environ-
ments, however they are inconvenient for the applications in a real-life emotion detection
systems in cars since most of the respective approaches rely extensively on human assis-
tance and require comparably a complex sensory infrastructure to be integrated inside
the cabin in automotive domain.

Electrocardiogram The electrocardiogram is the most occurring physiological mea-
sure in studies with a focus on detecting aroused emotions. The average action potential
(neuronal impulse) is measured with electrocardiographic (ECG) sensors on the skin.
Heart rate (HR), interbeat interval, heart rate variability (HRV), and skin temperature
are collected through these sensors, which differentiate positive and negative emotional
activity, indicating e. g. mental effort and stress [136]. Heart rate describes the number
of heartbeats per minute, HRV defines the time differences between heartbeat sequences.
During emotional driving situations, a change in HR, and HRV signals can be noticed
due to the fluctuations in ANS activities, e. g. stress is directly related to heart rate. An-
other relation of interest is that drivers’ HR and HRV signals are affected by contextual
parameters such as vehicle maneuvering, traffic volume, alerting events, road direction,
driving across various routes, driving tasks, and drivers’ emotions and fatigue. HRV is
shown to be increased by driving task initiation and decreasing after passing alerting
events [130].

Electromyogram An electromyogram indicates muscle activity by measuring the
voltage of a contracting muscle [136]. Muscular reactions while driving can occur un-
consciously, even in the4 absence of significant physical movements. Muscle activity can
be effectively recorded with sensors on the shoulders or the facial muscles [130].

Skin Conductivity Related to the electrocardiogram, skin conductivity is when the
skin changes its conductivity depending on the emotional experience, especially arousal
differences. It is also known as galvanic skin response. The SC sensor applies a small
voltage to the skin and measures the transient conduction or resistance. The conductance
is mainly changed by sweat and pore size, so the sensors are usually applied in the
palms of the hands, fingers, or feet where eccrine sweat glands are located. The skin
conductivity is divided into two components: the slow-moving tonic component that
indicates the general activity of the perspiratory glands (e. g. due to temperature) and
a faster phasic component that is influenced by emotions. During an arousing emotional
experience, the skin conductance increases fast due to a higher sweat release. Generally
speaking, skin conductivity is a successful measure for driver arousal; nevertheless, inter-
subject variability between drivers can cause fluctuations. This is because the number of
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sweat glands and the different positioning of the sensors varies for each person. Therefore,
a safe option is to combine skin conductivity with HR or HRV to increase the overall
robustness [130,136].

Respiration Emotional states trigger a change in respiration activity. The respiration
system is a metabolic and homeostatic regulator of the speed and depth of breathing.
The respiration response in an in-cabin environment can be collected with belt or tho-
rax sensors which are flexible so that the amount of stretch caused by breathing can be
measured. Alternative options are using a thermistor in the nose and mouth or a flow
meter [130]. More specifically, the rate of respiration and depth of breath are commonly
tracked. Respiration rate shows relatively low values during relaxation and rises dur-
ing startling events or tense situations; it demonstrates irregularity when experiencing
negative emotions [136].

Pupillary Dilation Pupillary dilation stands as an intersection between facial ex-
pressions and physiological measures. Besides surrounding illumination, the pupil diam-
eter indicates sympathetic activation; more precisely, the ANS controls two iris muscles
(sphincter and dilator) which determine the size of the pupil. Pupil constriction is often
driven by parasympathetic activity, while pupil dilation is regulated by the sympathetic
pathway [137]. As an emotional measure, the pupillary response is a way of detecting
expressive emotional states such as stress [130]. Recent studies demonstrate that arousal-
induced pupil dilation is mainly mediated by sympathetic activation, while pupil dilation
related to saccade preparation is primarily mediated by parasympathetic inhibition [138].
This demonstrates the role of affective processing in evoking pupil dilation.

3.8 Multimodal Architectures and Fusion Approaches

Multimodality, as stated before, refers to utilizing more than one modality to increase
the accuracy and reliability of the predictions. In order to achieve this goal, there exist
different fusion techniques, such as feature-level, kernel-based, model-level, score-level,
and decision-level fusion [139]. However, feature decision-level fusion approaches are
the widely used techniques in the field of multimodal emotion recognition. In feature-
level fusion, the data from separate modalities are aggregated by using machine learning
techniques like Support Vector Machine (SVM) [140], decision trees, or HMMs and then
is used as an input to an emotion classifier [141]. In contrast, the idea behind decision-
level fusion is to combine multiple weaker base classifiers to reduce the uncertainty
of the predictions made by the emotional classifier itself. Therefore, each modality
has its trained model, and the predictions of those models are combined to one single
output [142].

One of the considerations for every multimodal solution in emotion recognition systems
is the capability of being trained in an end-to-end fashion. This feature enables facial-
based approaches, such as the RBG camera recordings and thermal imaging and provides
a baseline for other modalities, namely behavioral factors or physiological signals. There
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is a wide range of fusion methods that can be utilized for a multimodal emotion recogni-
tion system. One fusion approach, for instance, is a rule-based fusion, such as a voting
mechanism that assigns weights to the decisions of the classifiers of each modality [143].
Such an architecture is comparably and computationally efficient and easy to optimize.
Custom rules can enhance the architecture concerning the given modalities. However,
this system is not flexible enough to add or remove modalities. Furthermore, such an ar-
chitecture would be more sensitive to outliers since the rules are made specifically based
on the data of the given modalities. Research on classification-based approaches such
as SVM indicates low performance on large and noisy datasets [144]. Therefore, joint
training is a more reliable alternative. In order to build a joint model, a concatenation of
the feature vectors must be built. Alternative operations such as tensor fusion [4], where
the joint model is created from the cartesian product, are computationally expensive ap-
proaches; hence, they are not a preferred choice for the applications of this domain. More
importantly, incorporating more modalities would be infeasible. The concatenated fea-
ture vector can then be fed into a convolutional neural network(CNN)/recurrent neural
network(RNN) network. More involved multi-view systems like memory fusion network
(MFN) [5], which uses a system of RNNs, have the potential of performing better due
to the attention mechanism. However, such a system incorporates significantly more pa-
rameters than a single RNN or even a double-stacked RNN network. Furthermore, due
to the modeling of the inter-modality dynamics, it will be tuned and optimized more
specifically to the given set of modalities. Therefore, it will not be robust enough as
expected by adding new or removing existing modalities.

From an internal perspective, incorporating different features to increase machine
learning methods’ performance poses the challenge of handling the heterogeneity gap
of different modalities. Joint representation is a reliable candidate to project unimodal
representations into a common semantic subspace, where multimodal features can be
fused [145]. The most straightforward approach is to concatenate the feature vectors
directly. However, another direction is to implement the subspace by a distinct hidden
layer, in which modality-specific vectors will be added, combining the semantics from
different modalities. The following equation describes this property, where z is the
activation of output nodes in the shared layer, v is the output of the modality-specific
encoding network, and w is the weights connecting the modality-specific encoding layer
to the shared layer [146]:

z = f(wT
1 v1 + wT

2 v2) (3.1)

Modeling the dynamics within a modality and across modalities is a serious challenge
in multimodal learning architectures. A commonly used fusion method is early fusion,
which simply concatenates the feature vectors from each modality and does not con-
sider inter-modality dynamics. Zadeh et al. at [4] present a tensor fusion network for
multimodal sentiment analysis, which aims to model inter-modality and intra-modality
dynamics. To this end, they use a 3-fold cartesian product from the modality feature
vectors as an early fusion method, which models the unimodal, bimodal, and trimodal
interactions as depicted in Figure 3.5.
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Figure 3.5: Tensor fusion architecture [4]

In their following work at [5], the same authors present a memory fusion network that
outperforms the previous approach. This architecture consists of three components: a
system of long-short term memories (LSTM), delta-memory attention network (DMAN),
and multi-view gated memory. The system of LSTMs aims to model the dynamics of
each modality independently as depicted over Figure 3.6.

Figure 3.6: Memory fusion network (MFN) [5]

Therefore, each modality is assigned to an LSTM function. The DMAN is constructed
to discover the dynamics across modalities and temporal interactions. In particular, the
DMAN assigns a relevance score to the memory dimensions of each LSTM. The multi-
view gated memory is a dynamic memory module that stores the cross-view interactions
over time. The authors replace the DMAN module in the MFN architecture with a
dynamic fusion graph, improving performance and interpretability.

Incorporating deep neural networks for building a multimodal end-to-end recognition
system is beneficial; however, it is imperative to note that other learners which are not
based on deep neural networks can perform better in certain domains with considerably
lesser requirements regarding computational resources. For example, multiple kernel
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Figure 3.7: Graph-MFN [6]

learning (MKL), which extends a kernel SVM by using different kernels for different
modalities of the data, is one of those none deep neural network (DNN)-based solu-
tions. MKL is more suitable for fusion concerning multimodal heterogeneous datasets
than a conventional SVM since kernels can be regarded as similarity functions between
data points [145]. They were often used for object detection before the advancements
of deep learning architectures surpassed them. Furthermore, they were also used previ-
ously for multimodal emotion and affect recognition and demonstrated acceptable per-
formance [147, 148, 149]. Even though nowadays deep learning methods are preferred,
MKLs still have significant advantages over them. MKLs have been used in various
domains, whereas many deep learning methods for multimodal fusion are developed
for specific domains. Deep fusion systems are developed for audio, visual, and textual
modalities in multimodal sentiment and emotion recognition. In the automotive domain,
however, as stated before, audio and textual modalities are not very viable options. The
limited availability of computational resources puts restrictions on the utilization of such
computationally expensive approaches.

It is notable that by the ever-growing focus on machine learning-based solutions, new
architectures are being introduced by the researchers in emotion recognition irrespec-
tive of use case’s domain; hence, keeping a consistent track of them is also a challenging
task. Nevertheless, we have performed a comparative analysis of the state-of-the-art ma-
chine learning-based architectures by incorporating fusion technique, modality-specific
features, evaluation metric, detected emotions, overall performance, and the utilized
datasets during our preliminary evaluations. The top 20 of them are represented in ta-
ble 3.3 and table 3.4 to provide a high-level overview regarding the current status of the
research and development in this domain.

3.9 Shortcomings of Machine Learning Approaches

Machine learning methods are the core of emotion recognition systems in most cases;
however, they are not a perfect tool in the development toolbox and, in some cases,
suffer from serious shortcomings. A broad range of factors can cause weaknesses of
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machine learning models in emotion recognition. Some of them are due to the quality
or the distribution of data, some of them arise because of the model architecture, some
occur during the deployment. The consequences for misclassifying an emotional state
can be very high. For example, if the model does not recognize an unsafe emotional
state, the risk of an accident increases or in case of misclassifying a safe emotional
state, the vehicle initiates some driving limitations unnecessarily which will increase the
dissatisfaction level with the vehicle. We can group the shortcomings into the following
categories:

Lack of diversity in data: The performance of machine learning models highly de-
pends on the data they are trained upon them. Additionally, the training phase requires
large amounts of data on the subject matter. Moreover, the data must be diverse to
encompass all the different cases occurring and create a precise and universal machine
learning model. The model will provide unsatisfactory results if the training data has
a different distribution from the real-world data. By training a machine learning model
for emotion recognition in the automotive domain, one must ensure this criterion is met
accordingly. This complicates the data gathering because people vary in how they look,
sound, and act when expressing emotions. The skin color, facial features, language, voice
tone, accents, gender, age, and culturally accepted emotional expression come into play
when gathering a well-balanced dataset for training emotion recognition models [169].

Reliability of the data: Several factors are coming into play when it boils down
to data reliability. Labeling the driver’s emotions during data collection is crucial for
training supervised machine learning models. Before each experiment, one has to induce
the drivers’ emotions artificially, which can deviate from emerging natural emotions in
driving scenarios. In general, two methodologies are used for annotating training data,
namely internal and external annotation [142]. The more common method of internal
annotation requires the driver to assess his affective state by himself. This is a sub-
jective measure since each individual assesses his internal emotions differently, leading
to discrepancies in the dataset. The second approach is external labeling which is ex-
ecuted by a third-party supervisor assessing the driver’s emotional state by observing
their physiological responses. This process is highly error-prone because humans express
their emotions very differently depending on personality and culture. Hence, the data
labeling for an emotion recognition dataset with mentioned sub-optimal measures nega-
tively affects the dataset’s quality and can be a significant factor for low accuracy values
at the model inference. In addition to that, there are certain limitations to the level
of accuracy that one can reach depending on the data type. For example, audio-visual
data is easily collected; however, it can be compromised. People can intentionally and
unintentionally fake emotional expressions [170], or in the case of some neurodiverse
individuals, not even be able to express them adequately [171]. Also, the expression of
an emotional state heavily depends on the culturally accepted norms [169].
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Context-sensitive data: In a fundamental perspective, the context describes where a
vehicle and its neighboring vehicles are situated and what is happening inside and outside
the vehicle. Some data types, such as driving behavior data, are context-sensitive. Using
them outside of the context can be very misleading. Boonmee et al. [172] developed a
model based on driving behaviors for a bus: take off, brake, turn left, and right. For
the model to function as desired, it had to rely on the GPS receiver input to locate the
vehicle precisely and integrate the involved factors in shaping the desired context. The
probability for false positives was very high in mountainous areas and roads with sharp
turns. The driver would have to perform a lot of quick steering and braking associated
with aggression, which can falsify the outcome relying on those factors.

Lack of in-cabin data: The specific lighting, noise, cabin design, and interaction with
the in-cabin interfaces create an environment where a general emotion recognition model
would suffer from inaccuracy because it was not trained upon data capturing similar
situations. Li et al. [173] analyzes how the activation in parts of the face (as known as
action units) differs between dynamic driving scenarios (collected in the DEFE dataset)
and static life scenarios (collected in the JAFFE dataset). It was shown that people are
less likely to enable the action units while driving, meaning the emotional expression is
suppressed. Such a difference in expression style can be described due to the additional
cognitive tasks that come with the driving task.

Implementation and real-time capability: By deploying machine learning models
for real-time applications in intelligent vehicles, a fundamental requirement is a short
processing time at inference to ensure the presence of predictions within the boundaries
of timing limitations. In some cases, providing predictions with a delay neglects the
purpose of notifying the driver on time. For instance, warning a driver in a drowsy state
is highly time-critical. A machine learning-based system processing input from multiple
sensors (e. g. images from multiple cameras) increases inference time [174]. Especially
multimodal models with separate pipelines to process each input result in comparably
longer processing times and more memory demand. Moreover, complex deep learning
models often come with the downside of high computational costs and loss of real-time
capability. To overcome this limitation of high computational effort, feature extraction
or dimensionality reduction methods are considered for some applications in real-time
implementation [175].

Model sensitivity and invariance: Training machine learning models is a challeng-
ing task, specifically when generalizability is the primary concern, meaning the ability
of the developed model to adapt to unseen scenarios. For example, speech-based meth-
ods record a loss in recognition rates when receiving audio input with background noise
included [175]. Different types of noises can occur in a driving situation, such as engine
noise, noise due to road conditions, or passengers’ creation. Often researchers try to
overcome this issue by artificially adding noise to the training data. However, even in
that case, it is impossible to cover all potential noise types and sources. This results

46



3.9 Shortcomings of Machine Learning Approaches

in a lack of generalizability of the model and hence, affecting the accuracy negatively.
Similar problems arise for predictions of models based on bio-signal methods since a
change in humidity or ambient temperature highly affects sensor measurements. For
example, Leone et al. in ablation studies [176] investigate the performance loss of their
developed approach as the result of missing invariance to yaw angle, pitch angle, and
lighting condition of the model. With the rotation of the driver’s yaw angle by 40 degrees
or the pitch angle by 20 degrees, a drop in prediction accuracy by roughly 10 percent
can be reported. In addition, an increase in luminous emittance from 100 lx to 500 lx
lowered the accuracy of classification results by an average of 5 percent.

47



3 Background and Related Work

A
rc
h
it
e
ct
u
re

F
u
si
o
n

M
o
d
a
li
ti
e
s
&

F
e
a
tu

re
s

E
m
o
ti
o
n
s

P
e
rf
o
rm

a
n
ce

T
ra

in
T
e
st

R
e
fe
re
n
ce

1
S
V
M

d
ec
is
io
n

fa
ce

d
at
a,

st
ee
ri
n
g
w
h
ee
l

an
gu

la
r
ve
lo
ci
ty
,
ac
ce
le
ra
ti
on

va
le
n
ce
,
ar
ou

sa
l

ac
c.

93
%

ow
n
d
at
ab

as
e:

15
su
b
je
ct
s

ow
n
d
at
ab

as
e:

8
su
b
je
ct
s,
C
K
+

[1
39
]

2
S
V
M

d
ec
is
io
n

si
tt
in
g
p
os
tu
re
,
b
li
n
k
in
g

d
ro
w
si
n
es
s

F
1:

0.
53
6

R
M
S
E
:
0.
62
0

ow
n
d
at
ab

as
e:

50
su
b
je
ct
s

su
b
je
ct
-w

is
e
cr
os
s-
va
li
d
at
io
n

[1
50
]

3
S
V
M

d
ec
is
io
n

3D
d
at
a
fr
om

fa
ce
,
h
ea
d
,

h
an

d
ge
st
u
re
s,
b
o
d
y
m
ov
em

en
t

6
em

ot
io
n
s

M
S
R
C
-1
2:

av
g.

ac
c.

45
.7

%

U
C
F
K
IN

E
C
T
:
av
g.

ac
c.

23
.4

%

M
S
R
A
C
T
IO

N
:
av
g.

ac
c.

46
.3

%

ow
n
d
at
ab

as
e:

15
su
b
je
ct
s

M
S
R
C
-1
2

[1
51
]

4
S
V
M

+
A
N
N

d
ec
is
io
n

fa
ce

d
at
a,

E
E
G

4
em

ot
io
n
s,

3
le
ve
ls

on
li
n
e:

ac
c.

81
.2
5
%

offl
in
e:

ac
c.

82
.7
5
%

ow
n
d
at
ab

as
e:

20
su
b
je
ct
s

su
b
se
t
of

ow
n
d
at
ab

as
e

[1
52
]

5
S
V
M

+
A
N
N

fe
at
u
re

ve
h
ic
le

d
at
a,

p
h
y
si
ol
og
ic
al

d
at
a,

fa
ce

d
at
a,

ey
e
tr
ac
k
in
g

st
re
ss

K
N
N
:
ac
c.

56
.0
6%

S
V
M
:
ac
c.

61
.5
9%

A
N
N
:
ac
c.

65
.0
9%

S
T
A
C
K
:
ac
c.

63
.2
2%

ow
n
d
at
ab

as
e:

68
su
b
je
ct
s

on
e-
su
b
je
ct
-o
u
t
cr
os
s-
va
li
d
at
io
n

[1
53
]

6
S
V
M

fe
at
u
re
,
d
ec
is
io
n

E
E
G
,
ey
e
tr
ac
k
in
g

3
em

ot
io
n
s

fe
at
u
re

:
ac
c.

73
.5
9%

d
ec
is
io
n
:
ac
c.

72
.9
8%

ow
n
d
at
ab

as
e:

5
su
b
je
ct
s

su
b
se
t
of

ow
n
d
at
ab

as
e

[1
54
]

7
B
D
A
E

fe
at
u
re
,
d
ec
is
io
n
,

B
D
A
E

E
E
G
,
ey
e
m
ov
em

en
ts

4
em

ot
io
n
s

fe
at
u
re
-f
u
si
on

:
ac
c.

:
75
.8
8%

D
N
N
:
ac
c.

:
85
.1
1%

ow
n
d
at
ab

as
e:

44
su
b
je
ct
s

su
b
se
t
of

ow
n
d
at
ab

as
e

[1
55
]

8
B
D
A
E

fe
at
u
re
,
B
D
A
E

ey
e
m
ov
em

en
t,
E
E
G

5
em

ot
io
n
s

av
g.

ac
c.

74
.6
%

S
E
E
D

V
cr
os
s-
va
li
d
at
io
n

[1
56
]

9
C
D
B
N

fe
at
u
re

fa
ci
al

fe
at
u
re
s,
b
o
d
y
ge
st
u
re
,

vo
ca
l
ex
p
re
ss
io
n
s,

p
h
y
si
ol
og
ic
al

d
at
a

23
em

ot
io
n
s

em
oF

B
V
P
:
ac
c.

83
.2
%

C
oh

n
K
an

ad
e:

ac
c.

97
.3
%

m
in
d
re
ad

in
g:

93
.4
%

D
E
A
P
:
ac
c.

79
.5
%

M
A
H
N
O
B
-H

C
I:
ac
c.

58
.5
%

em
oF

B
V
P

C
oh

n
K
an

ad
e,

M
in
d
R
ea
d
in
g,

D
E
A
P
,
M
A
H
N
O
B
-H

C
I

[1
57
]

10
B
D
A
E

fe
at
u
re

E
E
G
,
ey
e
tr
ac
k
in
g

3
em

ot
io
n
s,

va
le
n
ce
,
ar
ou

sa
l

S
E
E
D
:
ac
c.

93
.9
7%

D
E
A
P
:
av
g.

ac
c.

83
.5
3%

S
E
E
D

,
D
E
A
P

su
b
se
t
of

tr
ai
n
se
t

[1
58
]

Table 3.3: Part1: Comparative analysis of state-of-the-art ML-based architectures
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Table 3.4: Part2: Comparative analysis of state-of-the-art ML-based architectures
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4 Methodology

4.1 Safety Violation Identification Framework

The formal concept of safety is not easy to grasp from a development perspective of AI-
based technologies, especially when safety can be seen as a feeling based on the individ-
ual’s own experience. For example, the important metrics used for current self-driving
car implementations are the accident-free driven kilometers, the count on necessary
takeovers by the safety driver, and the general well-being of the occupants [177].

From safety engineering perspective, establishing a valid safety framework for evalu-
ating the safety-critical applications of intelligent vehicle platforms is challenging due to
various regulations of different countries, the complex and often unpredictable outcomes
of the deployed methods, and the lack of proper well-defined standards. As stated in
the previous sections, the utilization of machine learning-based approaches to increase
the level of autonomy brings along several sources of uncertainty as well. Reinforcement
learning is the most complex black box in this regard, considering that developer experts
can provide the right and wrong actions for the driving agent only during the initializa-
tion phase. In this context, the argument that agent continuously learns safe actions is
doubtful and can often not be generalized because encoding the complete knowledge into
a single numerical function is highly error-prone. A good example is reward hacking,
in which the reinforcement learning algorithm collects many rewards without reaching
the actual goal by exploiting a bug in the reward function [47]. From the automotive
functional safety point of view, the V-shaped development model is a reliable solution
in product development [34]. The V-shaped model carries a solid requirement that will
be the primary input of the product’s safety validation. However, gathering a complete
set of requirements for a machine learning-based application is complex due to the level
of uncertainty associated with these models. By entering the era of autonomous driving,
the responsibility will shift from the human driver to the car itself for driving tasks. At
the same time, behavioral safety is still a fundamental part of this development chain.
This fact demonstrates the significance of an evaluation phase for the deployed agents
to avoid incorrect behaviors that lead to severe accidents. Following the research goals
of this work, we aim to facilitate the integration of safety rules and concerns in the
development stage of AI-based applications, particularly the automated driving agents;
therefore, we propose a framework for an intuitive setup of safety measures and self-
driving car agents with an exclusive focus on reinforcement learning-based scenarios in
the CARLA simulator. To validate our approach, we consider the several executions of
the RL agent to gather the required information indicating safety violations that are
exposed to the agent. Those safety violations are then mapped and visualized in the
end. Developers and safety engineers can use them to analyze the performance of the
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deployed agent from a safety perspective. It is essential to differentiate between the ideas
of conventional statistical approaches, and the runtime approaches here. Statistical ap-
proaches use existing data such as reported accidents and visualize them accordingly.
While they are currently only relevant for safety from the perspective of planning and de-
fusing dangerous road segments, they still could play a major role in automated vehicles
and the autonomous driving era. Traffic accident maps like Unfallatlas/(Germany) [178]
or CrashMap/(Great Britain) [179] can be seen as the most famous uses cases of such
approaches. These maps display the accidents based on their location and further in-
formation such as severity, affected means of transport, and the incident’s date. The
Unfallatlas also represents the accident frequency for a given stretch of road. On the
other hand, Runtime approaches evaluate the safety during driving since some locations,
and respective situations are labeled as safer than others. Time to Collision (TTC) or
Time to Brake (TTB) are also among the metrics that the researchers employ to define
the safety level of different situations [180, 181, 182, 183]. One example of a runtime
approach is the Responsibility-Sensitive Safety (RSS) proposed by Mobileye [184]. This
approach is based on safe distances to define a dangerous situation, for which proper
responses are defined accordingly. NVIDIA proposes a similar approach with the Safety
Force Field (SFF) [185], which predicts the environment and mitigates harmful scenar-
ios. Other approaches observe autonomous driving safety by reading sensors or data
buses and evaluating them based on predefined rules [48].

4.1.1 Framework Architecture

The proposed framework utilizes the concept of safety measures, which are activities,
precautions, or behavioral codes to avoid unnecessary risks and maintain safety. More-
over, it enables safety measures based on predefined rules, proven practices, and accepted
guidelines in a real-world simulation environment. The original concept of safety mea-
sures is not new and already well established in the behavioral safety domain, with
famous examples like traffic regulations or rules for defensive driving. Being quantifiable
is the most important advantage of the safety measures. For instance, it is possible to
determine whether drivers are violating the speed limit or are tailgating. In our pro-
posed framework, safety measures are based on integrating expert knowledge on top of
simulated situations that statistically may have higher risks for injuries. A severity level
is assigned to each safety measure to quantify the negative impact on safety. The re-
spective measures are named as safety constraints in our development, and by violating
a constraint, a safety violation is recorded accordingly. The overall architecture of the
framework is separated into three stages: Initiation, Execution, and Analysis, as
outlined in Figure 4.1.

The Initiation phase consists of two different sections, one for application developers
(�) and the other for safety engineers (ü). The Agent interface provides a platform for
application developers to integrate the developed approach as an RL-based agent in our
case. Safety Constraint interface also contains a set of safety restrictions respectively.
In the Execution phase, the agent has to drive in the predefined environment and is
evaluated by the given safety constraints. This phase is completed after a stop criterion
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Figure 4.1: Architecture of the proposed framework – Roles: Developer �, Safety-Engineer ü

is matched. Then, the safety constraints are evaluated against the current situation
and, if required, trigger a safety violation that contains relevant information about the
current situation among other agents, types, and locations. At the end of this stage, the
framework perseveres the given events. In the last stage of Analysis, the safety violations
are filtered, mapped, and visualized. The location and the type are the primary param-
eter for the grouping but could vary in extended developments of the framework in the
future. The framework calculates different safety indicators for each group to make the
groups comparable. The generated groups are visualized more intuitively concerning the
calculated safety indicators and allow the developers and safety engineers to understand
the system better.

4.2 Safe Operation Monitoring and Enforcement

From a technical point of view, identifying and covering all of the potential safety-critical
situations is not possible in practice. However, we assume that the required reaction to
being taken in the presence of safety violation and respectively fail-safe mode is known
beforehand and could include slowing down the car, bringing the car to a halt, or even
handing over the control to the human driver. Moreover, since we are mainly focusing
on safety assurance for AI-based software, we keep the risk assessment part out of the
scope of this work. Respectively, as it is thoroughly addressed in our work at [186], we
identify four main perspectives that can be utilized in order to ensure the safe operation
of a neural-network-based system, as follow:

4.2.1 Filtering Anomalous Operational Inputs

This method targets the problems that originate from differences in training and oper-
ational conditions and builds on the idea of online data monitoring.

The fundamental intuition of this approach, as depicted in Figure 4.2, is to calculate
the distance and identify how far away is the input from the data the system was trained
on. In other words, the aim is to detect whether the input is an anomaly, i. e. a data
point that is significantly different from the original data. If that is the case, the system
is expected to enter a fail-safe mode; otherwise, the system’s regular operation continues.
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Figure 4.2: Control flow of the anomaly detection approach

Given some data X, variational inference (VI) [187] aims to find a distribution Q (Z)
which is as similar to the actual posterior Pr (Z | X) as possible, where the distance
between the distributions can be calculated using the Kullback-Liebler Divergence as
known as relative entropy. Applying variational inference is proposed for this type of
online detection of anomalies initially in [188]. The advantage of this approach is that
the characteristics of expected input are learned from the data; hence, no further specific
feature engineering efforts are required. It also demonstrates that this approach is highly
generalizable and is not limited, and is use case-independent. Simply exposing the system
to data for modeling the environment can help the system draw the required inferences.

4.2.2 Ensuring Coverage of Positive and Negative Cases

In the example of maneuver planning system previously mentioned in Section 3.2.1, the
component under evaluation should be able to predict lateral and longitudinal actions
and the outputs that may lead to adverse outcomes such as driving off the road, or a
crash, or in general ending up in hazardous situations.

NN-based
component

Fail-safe
mode

Input

Positive

Output

Negative

Output

Figure 4.3: The control flow of the approach based on predicting possible positive and negative
outputs

In such a system, if the output of a workflow falls in a negative class, the system would
enter a fail-safe mode; otherwise, it would continue generally functioning as before,
as it is visualized in Figure 4.3. This setup benefits from a higher assurance of the
system being trained on under-represented or rare situations/inputs; hence, leading to
a better response to safety-critical situations. Since the system learns expected desired
and undesired outputs from the data directly, it would generalize well to other use cases
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without explicit specifications. It is also comparably easier to implement and more
intuitive than other approaches.

4.2.3 Defining Environmental Constraints

Ontologies are practical tools to model the entities and relations in a system and the
constraints [189]. To apply this approach in design-time, the automotive safety engineer
needs to create a safety ontology structure based on specific software-system functions
and context. The main ontology topics (for functional safety) can be derived from
ISO26262 (Part 1 - Vocabulary) [34]. The concepts stored in ontologies will be internally
translated into machine-readable first-order logic (e. g. Prolog code), making it more
straightforward to describe constraints that the system must obey in the environment.
Thus, ontologies can be seen as a safety blanket around each machine learning-based
component, as depicted in Figure 4.4. Inputs to the component and outputs generated
will be tested against a set of environmental constraints to ensure that they fulfill the
requirements for a safe operation; otherwise, the system enters a fail-safe mode.
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on in-/output
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mode

Input
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Input
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Input

Output

Valid

Output
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Figure 4.4: Control flow of ontology-based constraint satisfaction approach

This ontology-based solution improves the system’s reliability and follows the prin-
ciples of formal verification and validation methods, enforcing the developed system to
abide by the intuition of human actors. Moreover, it can improve the traceability of
issues and help to magnify the bottlenecks of the system.

4.2.4 Pre-exploration Using Reinforcement Learning

This approach aims to augment learning itself with two trainable components. As de-
picted in Figure 4.5, initially, a reinforcement learning agent is responsible for exploring
the environment. Following that, it describes the online neural network implemented in
the standard manner for the component in question. The reinforcement learning agent is
expected to learn by exploring and interacting with its environment; therefore, it would
be trained via simulations. Since simulation-based testing does not pose a real threat
to human lives, it is also possible to explore negative outcomes. The agent would learn
and thereby generate a map of situations, actions, and associated reward values. This
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mapping can then be used to categorize situations that lead to different levels of risk,
namely high, medium, and low, based on the reward values of each state. This approach
can be seen as an extension to the monitoring techniques, wherein, rather than manually
labeling the state space as being safe or not, the output of reinforcement learning agent
is used to generate such a mapping, with the reward function determining the severity
of the hazard for each state-action pair. Thus, every input being passed to the neural
network-based component would first be checked against the safety invariance mapping
to enter a fail-safe mode when the input is in a catastrophic zone. In generalizing to
other use cases, this approach could do quite well with the limiting factor of additional
hyperparameter tuning required for the agent. The advantage of such an approach is
that rewards and objective functions can also be set up to be more aligned with human
intuition, thus making the system more compliant with human expectations.

Figure 4.5: Control flow of RL-based pre-exploration approach

Our newly introduced concept of Crash Prediction Networks (CPN) [7] is solely based
on this approach, that is represented in the following sections:

4.3 Crash Prediction Networks (CPN)

The majority of the modern approaches relate to testing a developed model before
being deployed in the operational environment. Machine learning-based components,
however, suffer from serious problems, which were stated earlier at 3.2.1 and it leaves
such components vulnerable to errors. Thus, it is necessary to focus on monitoring-based
approaches, which are gaining more interest recently, to alleviate the safety concerns
associated with such systems [190]. Therefore, an end-to-end deep learning model for lane
change maneuvers has been chosen to elaborate on the specifics of the proposed solution.
Such a model uses a deep neural network that takes input data from sensors representing
the environment around the ego vehicle and generates one of three actions, either allowing
the ego vehicle to continue driving in the current lane or to switch to the left or right lane
depending on the presence of obstacles. The Crash Prediction Networks concept, in brief,
involves a neural network model responsible for determining the likelihood and severity of
a crash at any given time step. The model takes into consideration multiple features such
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as the output of the perception module of the vehicle, planned trajectory/action of the
ego vehicle, predicted (or intended, if available through C2C communication) trajectory
of the obstacles, and possibly also historical information such as number and severity
of previous crashes that the ego vehicle and obstacles were involved in. Specifics of the
system can be understood by distinguishing between the training and, after deployment,
the operational phases of the model. The training phase relies on the model receiving
the required input values for the previously described feature set and knowing whether
a crash incident has been recorded. Hence, the model requires an architecture that
involves a reinforcement learning environment to allow the model to know the outcome
at every step for a given set of feature values. It would also allow the vehicle to crash
often, as it is one of the notable characteristics of RL agents, especially at the start of the
training phase. Therefore, we propose to train the model by allowing it to spar with an
RL agent such that the ego vehicle closely imitates a real-world vehicle that can perform
tasks, similar to the lane change maneuver use-case described earlier. At each step, the
RL agent and the crash prediction network will access information about the vehicle’s
environment. Thus, the crash prediction network will predict whether a crash will occur,
while simultaneously, the RL agent would interact with the environment to determine
whether a crash has occurred. Based on the differences in the output of the two networks,
the crash prediction network would be updated to eventually acquire the ability to
predict crashes with a high level of accuracy. The operational stage of this model is
designed such that the inputs are fed as usual to the machine-learning-based component,
which is responsible for determining the lane change maneuver in the ego vehicle. The
vehicle, however, does not act directly on the generated lane change action command.
Instead, the action command and the environmental inputs, in the form of sensor data,
are directed to the crash prediction network, which performs the task of predicting the
likelihood of a crash. If the determined likelihood is low, then the vehicle is allowed to
perform the desired actions; otherwise, the vehicle is pushed into a fail-safe mode which
can be multiple options according to the predicted severity of the crash. It is important
to note that it needs to learn and improve even in the operational stage of the model to
stay relevant to the environment. Thus, the difference between the actual and predicted
output is utilized to update the model, similar to the training stage. The concept of CPN
does not just focus on driving agents of autonomous vehicles. It can even be utilized in
the current status of ADAS developments as well, thereby allowing a smoother transition
toward full autonomy of the vehicles in the near future. Respectively, the model can be
seen as an intuitive, informed decision-making entity by incorporating data from multiple
sources. Additionally, such a system would also generalize and scale appropriately to
different scenarios that the vehicle might encounter during the operation. However, one
of the significant challenges that would be encountered during the development of the
model is handling input data received from different sources in various formats. Besides,
redundancy must be taken into account concerning sensor feeds to preserve the system’s
proper functioning even in sensor failures or malfunctions.
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4.4 Emotional States and Behavior Modeling

It is proven that stressed drivers tend to pay less attention to the traffic and environment.
In this regard, the in-cabin behavior of the driver can indicate specific emotions with a
high level of certainty [41, 191,192]. However, the challenging aspects like modeling the
in-cabin behavior and the exact mapping mechanisms to the emotional states according
to the in-cabin environment must be revised and enhanced following the integration
of sensory information into the emotion recognition architectures. Therefore, the first
step in studying the behavioral-based factors in such systems is to adjust and revise
the definitions according to the context of the environment. Our initial objective is to
develop behavior profiles that represent driving style patterns influenced and triggered
by certain emotions. For this purpose, we aim to design an empirical study through an
online survey to analyze and validate the commonly agreed assumptions for the impact of
emotions on driver behavior. These patterns are then utilized to classify the emotional
states according to driver in-cabin behavior. In emotion recognition, the utilization
of behavior and its sub-modalities is relatively neglected compared to the extensively
investigated modality of facial expressions. It is also evident that multimodality is
a solution to achieve a comparably more robust prediction pipeline which is also one
of the main objectives of our work here. Following this, we aim to incorporate the
behavior-based emotional indicators, the developed profiles, and the facial modality into
a suitable architecture for the in-cabin environment and demonstrate the performance
of such architecture with regard to the system’s robustness for in-cabin environments.

4.4.1 Behavioral Indicators

In order to investigate the impact of the integration of driver behavior into emotion
recognition pipeline, and respectively, identify the requirements and considerations on
the way of building a structure capable of classifying the emotions continuously in an effi-
cient and non-intrusive manner, as a first step, it is crucial to provide a proper definition
for in-cabin behavior. We define in-cabin behavior as “the response to various stimuli,
whether internal or external, conscious or subconscious, overt or covert, and voluntary
or involuntary inside the cabin” [139]. Following that, we narrow down the in-cabin
behavioral factors of the driver to only vehicle acceleration intensity, and steering
wheel angular velocity, as the main under-examination behavior-based determinants
of the driver’s emotional states [191, 193]. Respectively, as stated before in Section 3.5,
we form our proto-emotional groups as follow:

� Negative: anger, fatigue, stress, confusion and sadness,

� Positive: happy,

� Neutral
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4.4.2 Multimodal Recognition Architecture

In order to identify an emotional state, we consider behavior-related input data and
facial expressions as the primary modalities of our designed architecture. We model
each modality separately, meaning we use decision-level fusion to combine their outcomes
to increase the robustness of predictions. Therefore, each modality needs to be trained
separately, and then the outcomes need to be weighted and combined. The facial emotion
recognition module acts as a core component of the system. It can cover all six base
emotions of happiness, sadness, fear, anger, surprise, disgust, and the neutral state of the
driver. In order to classify the facial expression, each frame of the live stream recording
is processed separately. This process can be divided into the following three parts:

1. Face detection and pre-processing: Almost all automated object recognition
systems start with object detection. Face detection is also a subdomain of object
detection; therefore, the same methods are applicable for face detection. Viola-
Jones object detection algorithm using Haar feature-based cascade classifiers is one
of the effective methods for face detection on the images. It has real-time perfor-
mance and high true-positive results. However, this approach suffers and cannot
detect faces on fluctuating illumination conditions. Therefore, we cannot consider
this approach in-car environment. Nevertheless, another commonly used face de-
tection algorithm based on Histogram of Oriented Gradients (HOG) features [194]
combined with a linear classifier, an image pyramid, and a sliding window detection
scheme performs more accurately and will be utilized in our studies.

2. Feature extraction: The first step in feature extraction is to keep only infor-
mative areas of the detected face. Therefore the region of interests (ROI) needs
to be identified and cropped. Most expressions on a face are recognizable by eye,
eyebrows, nose, mouth. To extract the ROI, one can use a facial landmark detector
as designed by Kazem et al. [195], also available in the dlib library. Then in order
to extract important facial features from the ROI and construct feature vectors for
the classifier, we can use HOG descriptors.

3. Classification: SVMs, random forest, decision trees, and K-nearest neighbors
(KNN) algorithms are among the widely used supervised machine learning tech-
niques. Sequential minimal optimization (SMO) [196] is used to train SVM. The
memory requirement for SMO is linear in the size of the training dataset. The
computation time of SMO depends on SVM evaluation; thus, SMO is fastest for
linear SVM and data sets with large sparsity. According to the previous research
in this area, SVM usually outperforms the above-listed techniques in performance;
however, we will evaluate the existing classifiers and select the one that fits more
to our architecture.

Two (abrupt) car maneuvers counters will be developed using machine learning tech-
niques and statistical methods; one based on steering wheel angular velocity and aggres-
sive driver predictor, and the other based on a variation of acceleration intensity. In
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the end, all three modules are combined into one final emotion classifier to address the
emotional status of the driver in desired time frames.

4.5 Emotion Recognition API

In the end, we will have a system that consists of pre-trained classification modules, which
can return the confidence across a set of emotions depending on the information input.
However, the system resources are inaccessible to other developers or users for further
evaluation. Therefore, a set of protocols must be defined to facilitate this issue and
provide a platform for acquiring more resources in future studies. A potential approach to
address this matter is utilizing an application programming interface (API), which serves
as a gateway to a software program. Thus, it allows other (future) systems and users to
smoothly interact with the developed system and models. A web-based API is considered
for this purpose to be deployed to enable the desired flexibility and accessibility. This
API includes the integration of a subsystem into different systems at the same time.
Standardization is, therefore, an unavoidable requirement. In the internet of things
(IoT), plenty of efforts have been made to tackle the challenge of standardization [197].
Indeed, standardization is an important player because it can unify the elements common
to the various systems and make them available to independent heterogeneous systems.
An API, from a technical point of view, is a tool that provides a system in a neutral state
to other systems and applications for integration and evaluation purposes. One of the
vital considerations is that an emotion recognition system can exist without an API, and
its performance should be identical to a system consisting of one. However, the API can
significantly reduce the required workload of future developments with regard to timing,
and resource dependency. As APIs are clear pre-defined sets of rules and protocols, their
application expects all future developers to use the same rules and formats. Also, using
unified API documentation simplifies the development process and helps new developers
get onboard faster with more confidence. In other words, the API helps developers test
the emotion recognition system in a secure environment and facilitates the integration
of new system components. Last but not least, an API considerably facilitates the
integration of the existing system into new applications in the future.

However, the communication barrier between the server and the client must be clearly
defined for both parties involved. Therefore, the web API can be developed based on
two interaction styles: simple object access protocol (SOAP) and representational state
transfer protocol (REST). It is crucial to select the appropriate interaction style for
building the desired API because it is the most fundamental design decision [198]. Due
to the promising results of the conducted research on SOAP and REST with an identical
set of configurations [199, 200], comparably better response time and throughput of
REST make it a more suitable choice for the goals of our work. Additionally, traditional
SOAP-based web services contain complex protocols that are rarely exposed to links and
merely employ HTTP features. In contrast, the REST architecture can be summarized
as resource-oriented, which adopts our multimodal emotion recognition system features.
The resource is a collection of entities, which is addressable and can be returned in
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different, yet commonly understandable formats (e. g. XML, JSON). Hence, it enhances
flexibility and helps to reduce the complexity of the systems [201, 202]. Usability is
also another considerable design objective that represents how easy it is for the user to
learn, adapt and utilize the API up to different levels. REST indeed satisfies this design
objective as well.

60



5 Experiments and Evaluations

5.1 Safety Violation Identification Framework

In driving scenarios, a significant safety measure can directly be derived from the def-
inition of safety itself. Suppose the current situation causes any injury on any object
(e. g. humans, cars, other objects in the environment, or even immaterial goods). In
that case, it is concluded that a violation of safety has occurred. In cars, any injury is
directly related and usually results from a collision. In a fundamental definition, a col-
lision occurs when a vehicle collides with another vehicle, pedestrians, or other objects
in the environment such as trees or animals. Different types of collision exist, namely
single-vehicle collision (e. g. vehicle collides with an object of the environment without
any influence on another road user), and longitudinal collision (e. g. vehicle collides with
another vehicle that is driving in the same or the opposite direction). The severity of
a collision depends typically on the collision type and parameters such as speed, crash
hardness, and involved road users. For example, single collisions can cause fatalities or
injuries to the body and property damage; conversely, some collisions end only in light
car body damages. Therefore, the highest safety goal is to prevent collisions of any
kind and generally favor light damages on cars against heavy damages and misfortunes.
We aim to design a framework deployed in the CARLA simulator to provide the safety
engineers and AI developers a shared space to specify safety concerns and enforce the
safety rules during the development phase. This framework identifies the occurred vio-
lations of the AI-based agent and their severity level during the experimental phase in
order to enlighten the required adjustments and effectiveness of safety mitigation mech-
anisms in advance while preserving the system’s overall efficiency. Detection of collisions
is simplified and straightforward in the CARLA simulator. The CARLA provides three
scalars for collisions with other objects: collision vehicles, collision pedestrians

and collision other.

5.1.1 Violation Factors

Usually, collisions are seen as a violation of safety and its respective measure; therefore,
avoiding them is indispensable for detecting safety-critical situations. In this part of our
work, we categorize the safety violation factors as follow:

Distance: An intuitive example of collision avoidance safety measures is keeping ap-
propriate distances to the vehicle ahead and maintaining a proper position in the located
lane. It is essential from a safety perspective to keep a proper distance to the leading ve-
hicle since the time for reactions and possible evasive maneuvers are highly limited if the
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distance between two vehicles becomes too short. Computers are much faster in perform-
ing reactions than human operators; nevertheless, these systems rely on measurements
from the environment (e. g. lidar/radar sensors). They also introduce latencies between
measuring, detecting, and acting phases. In this regard, maintaining an appropriate dis-
tance reduces the risk of a collision in most cases. Defining appropriate in this context
is not as straightforward as it seems in the first place. Also, legislators do not clarify
this feature strictly for human drivers. Most countries specify (in)formal rules of thumb,
such as the popular 2-second-rule or the half speedometer factor in countries with the
metric system. The 2-second rule enforces a cushion of minimum distance the car drives
in two seconds (for 100km/h → 55,5m). This value may slightly differ between different
countries and situations. For example, most countries suggest a 4-second-rule on wet
road conditions [203]. In the proposed framework for safety violation identification, the
distance constraint is variable based on an x-second rule. The safety engineer can specify
the exact value in seconds according to the needs of the designed experiment.

Lane: The orthogonal position to the movement of the vehicle is an important safety
consideration. The primary focus here is on staying in the correct lane while ignoring
the exact position inside the lane itself since most of the regulations for road traffic and
research are vague in this regard. However, several cases are accepted (or perhaps even
expected) to violate this rule, for example, overtaking maneuvers on a 2-lane road or the
bypass over the side-walk in case of an accident or obstacle blocking the road. Regarding
this matter, the CARLA simulator provides two options of (intersection otherlane

and intersection offroad) on the intersection. It is declared a major safety violation
if the vehicle leaves the lane, either to the side-walk or to the other lane in a two-way
street. Due to the simplicity of the maps used for towns and traffic situations in our
designed scenarios, we prohibit the agent from leaving the current lane for any reason
mentioned above.

Safe driving behavior: Traffic rules and guidelines are mainly designed to enforce
defensive driving and are the most extensive known safety measures. The prevention
of collisions was the primary goal for road users and countries for decades. Therefore,
many rules are designed to reduce collisions and maintain safety as much as possible.
Prominent examples are right-of-way regulations together with speed limits. Ignoring
or misinterpreting right-of-way rules can cause hazardous or catastrophic accidents, es-
pecially in dense metropolitan areas. Therefore, we set driving agents to remain in line
and follow the regulations accordingly, such as the right of the way. Maintaining an
acceptable level of safety while alleviating the number of violations is only possible by
vigorous enforcement of the traffic regulations and driving rights.

5.1.2 Mapping

After identification of the violation, it must be marked accordingly for the following
detailed investigations. In the mapping phase, we group the violations by factors of
type, severity, and location. Clustering by type and severity is trivial, but it is
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necessary to utilize a grid for the location. The map is respectively divided into tiles of
a predefined size. Each violation is added to a specific tile and grouped with the other
violations of this tile. The degree of safety is measured in the quantity of safety violation
occurred in the situation. The quantity index (score) defines the relevance of each tile.
Equation (5.3) represents the calculation of the respective score function. A low index
(scores < 0) indicates that the violation occurred rarely compared to the average and
is rather unspectacular. On the other hand, a high index (scores > 0) indicates a
comparably complicated situation. A score of 0 indicates an average situation regarding
safety violations and yet does not imply any irrelevancy. Respective weights are assigned
to each severity type in order to emphasize more on the critical ones. Equation (5.1)
depicts the weights for each severity.

m(violation) =



1, if severity is Negligible (S0)

2, if severity is Minor (S0)

4, if severity is Major (S1)

8, if severity is Hazardous (S2)

16, if severity is Catastrophic (S3)

(5.1)

Note: S0, S1, S2 and S3 indicate the severity classes defined in ISO 26262 [34]

xs =
∑
v∈Vs

m(v) (5.2)

where Vs are all violations at location s

scores =


µ− xs

σ
, if σ ̸= 0

0, else
(5.3)

where µ is the mean and σ the standard deviation of all xs

5.1.3 Visualization

An essential part of this framework is the visualization of the given mapping in the
previous stage. Scores and counts of the occurred violations are calculated in tiles with
the given grid size. The visualization considerably helps both the developer and safety
engineer identify and understand the agent’s problems intuitively. We propose to use
three different types of visualization methods to enhance the overall efficiency of the
framework:

� A simple text output

� A 2D map with highlights of the safety violations

� An overlay in which the identified violations can be displayed directly on the sim-
ulation environment
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The main idea behind the visualization phase is to provide a high-level overview of
the agent and the nature of its interaction with other road users and objects. With the
help of visualization, the safety engineers can observe more involved factors contributing
to the context of the situation and influencing the driving subject (instead of focusing
only on maneuver planning) that may have an impact in causing the safety violation.
Furthermore, this option helps the safety engineer to acquire more flexibility to provide
comparably better and richer policies and adjustments concerning safety standards and
enforced rules to the AI developer of the system and the target agent.

5.1.4 Evaluation Setup

To evaluate our framework, we compare two agents within the simulation environment
of CARLA simulator [204]. The selected agents are a reinforcement learning (RL) and
an imitation learning (IL) agent [205]. The reinforcement learning agent is trained as a
proof of concept in the first CARLA draft. It is based on the asynchronous advantage
actor-critic (A3C) algorithm and is trained for goal-directed navigation in CARLA. The
reward is based on speed, distance to the goal, collision, and position in the assigned lane.
We believe that the agent is driving at an acceptable level for an evaluation from a safety
perspective. Nevertheless, the agent faces many issues, especially in navigating, and it
has only limited awareness regarding other road users. The second agent is trained using
conditional imitation learning (CIL) and is an improved version of the original imitation
agent presented in the first CARLA draft. Imitation learning uses the knowledge of an
expert and imitates the behavior of the same expert; a human driver in this case. As
a result, this agent acts comparably much better at navigating, driving, and awareness
regarding other road users. Nevertheless, this agent suffers from several limitations, such
as preserving the right of way rules.

5.1.5 Test Environment

The agents initially are set to drive a total distance of 100km in the simulated environ-
ment with several iterations according to the preference of the safety engineer and the
enforced rules. This test environment uses a distance stop criterion over time or inter-
changeably episodic criterion because the navigating capabilities of the agent strongly
influence the episodes. We do not specify a time criterion in order to avoid punishing
agents driving with higher speed. The episodes have a fixed number of critical situations
(e. g. intersections), and driving slower through them will decrease the number of critical
situations in total. The route is set to be straight from the origin to the destination;
therefore, no advanced navigation capabilities are required. Nevertheless, the routes still
contain critical situations such as intersections, pedestrians, and slower driving vehicles
on the path. Situations with traffic are considered along with traffic-free scenarios for
the testing. The test environment with traffic includes 100 other cars and 40 pedestri-
ans distributed on the map. The scenarios are crowded by cars and pedestrians with
this setup but excluding any stop-and-go situation or traffic jams. We apply the safety
constraints based on distance, lane, and collision to evaluate the agents regarding safety
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and testing the framework. In the traffic-free scenarios, the distance constraint is not
relevant since no other cars are involved. The value for an appropriate distance is set to
two seconds, as a common practice. Figure 5.1(a) represents the violations of the RL,

(a) State-Map of the RL agent (b) State-Map of the IL agent

Figure 5.1: State-Map of the evaluation scenario without traffic

and Figure 5.1(b) depicts the violations by the IL agent in the traffic-free scenario. The
observed collisions concentrate almost all in the same area (left side of the upper-middle
street). Only 19 out of 71 violations (∼ 26%) did occur outside of this area for the
RL agent. The IL agent did not register any collision outside of this region. It is an
indication of a problem for the agents here. The RL agent’s number (and distribution)
of lane violations imply a broader issue regarding lane keeping and collision avoidance
matters. We assume a relationship exists between the collisions and the lane violations,
but plenty of lane violations are observed without any specifically related collision. Tech-
nically driving on the wrong lane or the side-walk causes no collisions if there are no
objects to collide with them. As depicted in Figure 5.2(b), the IL agent demonstrates
comparably good performance, but there are several safety violations and safety-critical
situations recorded during the rides of the agent. However, there are no lane violations
or collisions outside the aforementioned hot spot. Eventually, according to the overall
results, it is evident that the IL agent performs a safer drive than the RL agent with bet-
ter performance in lane-keeping. Following the mapped states of Figure 5.1, Figure 5.2
focuses on the safety violations of the IL agent separated by the violation type in the
scenario with traffic. The lane violations are similar to the traffic-free scenario. Most vi-
olations occurred in the same area but had a higher variance. According to Figure 5.2(a),
it is notable that there is a massive increase in the number of recorded collisions. In this
scenario, many violations got spotted all over the map. The safety-critical areas are like
before, but several new hot spots are also considered afterward. The newly added hot
spots are related to a collision with other vehicles or pedestrians. The distance viola-
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tions depicted in Figure 5.2(c) indicate that most of the recorded incidents are related
to rear-end collisions.

(a) Collision (b) Lane violations (c) Distance violations

Figure 5.2: State-Map of the IL agent with traffic

The developed framework’s performance in identifying safety violations during the
design-time in a simulation environment is a considerable success and one of the early
attempts to form a collaborative environment for safety and artificial intelligence do-
mains. As stated before, efficient enforcement of safety standards and rules was one of
the main challenges in developing AI-based agents involved in driving tasks, especially
for automated driving scenarios. This issue is caused due to the heterogeneity of the
safety and AI development domains. On the one hand, most of the developers active in
the artificial intelligence domain have no specific concern about the safety standards and
focus more on enhancing the overall accuracy and improving the agents’ performance.
On the other hand, comprehending the behavior of the developments by AI experts is
not an easy task for safety engineers. Most of the standards, for the experts of the
safety domain, are just a set of hard-coded rules that are either followed or violated
after the verification (and respectively mitigated); hence, understanding the nature and
the reason of the safety violations was out of the context. This set of issues increases
the inconsistency in the development chain and will eventually result in erosion during
the process. The safety violation identification framework developed in this work and
evaluated accordingly, as explained above, successfully demonstrates its efficient role
in tackling this matter into account and facilitating the future collaboration between
safety and artificial intelligence domains in developing driving algorithms and solutions
for intelligent vehicle agents.

5.2 Runtime Safety Monitoring with CPN

The crash prediction networks (CPN) idea, which is already introduced in Section 4.3
is based on the monitoring concept (as known as safety envelopes) to ensure the safe
operation of the developed AI-based application. One of the notable features of the safety
monitoring techniques is its high flexibility and adaptability to different applications,
regardless of the specific nature of the functions. This feature enables the monitors to
be configured and get deployed on the target application easily. For example, consider an
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end-to-end setup for the driving system with a range of sensors trained in a simulation
environment. The driving module uses information about the state of the environment to
decide whether to continue straight, steer, or apply brakes. The crash prediction network
can be thought of as an envelope around this driving module. CPN aims to study the
action decision obtained as output from the driving module to determine whether it is
likely to lead to a crash given the sensory information about the state. Safety monitors
need to be highly robust and reliable; thus, CPN is designed to be implemented as
an ensemble of neural networks. Each network has its unique specification, either in
architecture or the subset of sensory data it consumes as input [206]. The networks
then work in sync to reach a consensus on whether the vehicle should continue with the
currently decided action or abort and trigger an intervention. During the training phase
of CPN (as depicted in Figure 5.3), a dataset is created by allowing a reinforcement
learning-based driving agent to interact with the simulation environment in the CARLA
simulator in order to capture and store the information of the states encountered and the
actions taken along with the outcome. This step allows the training of the CPN to be
posed as a classification problem with two classes of safe or unsafe states, each indicating
whether the action decision with the given state information leads to a collision or not.
During the operational phase (as depicted in Figure 5.4), the ensemble of networks that
compose CPN observe the input from the various sensors as well as the decision proposed
by the driving module to predict the safeness of the outcome. Suppose the proposed
action is likely to lead to a catastrophic state according to the previously observed cases
during the training phase. In that case, a predefined intervention is triggered, thereby
filtering out potentially dangerous action decisions. Otherwise, the proposed action is
executed without any interruption. The predefined intervention also referred to as the
fail-safe mode, can either trigger other involved applications to intervene or perform a
simple action like transferring the control to a human driver or even simply shutting down
the engine and pulling the vehicle over to the shoulder of the road. The specific details
of the intervention are out of this work’s scope. The main focus here is developing a
technique that determines only the necessity for intervention and the expected execution
time.

Environment

RL-agent

Crash
Prediction
Network

Compare
action

state, reward

state, action

isCrashed

prediction

update

Figure 5.3: Training phase of the crash prediction network [7]

A potential problem that may be encountered is that CPN loses its relevance over time
in the real world due to the operational environment’s dynamic and constantly evolving
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state. CPN setup makes it possible to train the network in an iterative manner, which
can combat this issue in such cases. However, implementing iterative training with
CPN would require the continuous collection of live driving data during the operational
phase and training CPN on the newly collected data at regular intervals. Additionally,
an advantage of this technique is that it is not tightly coupled with the nature of the
driving agent. Our experiments utilize a reinforcement learning-based driving agent;
one could easily swap it for any other type of driving agent based on a different sort of
algorithm.

NN-based
component

Crash
Predication
Network

Fail-safe
mode

Input Action

Invalid

Valid

Figure 5.4: Operation phase of the crash prediction network [7]

Although our proposed architecture and techniques suggest using an ensemble of net-
works, each focusing on a subgroup of different sensors, the scope of our evaluation is
limited only to visual data collected through RGB cameras mounted on the hood of the
car in the simulation environment. This experiment studies the importance of account-
ing for temporal features in the data on the prediction accuracy of CPN by modeling two
different network architectures, namely simple CPN and Spatio-Temporal (ST)-CPN, as
depicted in Figure 5.5. Simple CPN uses a single frame, i. e. an image of the current
state, to predict the following state’s safety based on the driving module’s proposed
action. This goal is achieved by utilizing a VGG network [207] (trained from scratch
with the dataset collected in CARLA simulator as described in the following) for feature
extraction, which is then concatenated with the action decision to perform the classifi-
cation. On the other hand, the ST-CPN architecture takes an N-frame of long history as
input, i. e. the last N-frames encountered before reaching the current state, along with
the proposed driving decision.

Additionally, the importance of accounting for uncertainty is also covered in this eval-
uation. Standard deep learning uses point estimates for predictions [68]. So when the
model encounters inputs that are dissimilar to the ones it was trained upon, it might
counter-intuitively generate a high probability score. This issue makes the probability
scores an unreliable estimate of the model’s confidence. However, it can be combated
using Bayesian deep learning, which allows for a probabilistic approach to predictions
by inferring distributions over the model parameters [69, 70]. Besides generating un-
certainty estimates, Bayesian deep learning also helps to reduce over-fitting. However,
such models are difficult to train and usually have intractable objective functions. Thus,
in this work, we explore the need for accounting for uncertainty in our safety monitor
approach based on CPN by utilizing MC-Dropout to approximate the Bayesian func-
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tion. In addition to the RGB cameras placed on the hood of the experimental vehicle
in the simulation environment, the networks’ focus was on preventing locally avoidable
catastrophes [208]. Such catastrophes can be avoided by adjusting the course of action
when danger is imminent. This simplifying assumption eliminates the need for long-
term strategic planning and focuses only on the point of failure. The experiments are
conducted using CARLA simulator version 0.9.6. The CARLA simulator provides a
scenario runner, which acts as an additional layer over the simulator to support the
testing of driving scenarios laid out by NHTSA as a list of pre-crash typologies [209].
First, ST-CPN is compared against the single frame input of simple CPN to study the
importance of temporal features in safety prediction. The evaluation in this work uses a
history length of 10, meaning the last ten image frames encountered by the ego vehicle
are fed as input to the ST-CPN model. Next, both the models are extended for further
experiments with uncertainty by applying MC-Dropout. Following that, a dropout layer
with a probability of 0.4 is applied during training and inference after each trainable
layer in the models (i. e. conv, convlstm and dense).

5.2.1 Dataset

Creating a representative dataset is a vital part of each deep learning pipeline. Data
for the experiments in this work is collected by allowing the ego vehicle, backed by a
reinforcement learning agent, to drive in and interact with the simulated environment.
The simulator provides pre-built environments called Towns. Towns 01, 03, and 04 are
used for training and validation, while towns 02 and 05 were used for testing. For the
initial tests of the proposed approach presented here, the scale of the experiment is
relatively limited, with 18000 images (12000 safe and 6000 unsafe) used for training and
9000 (6000 safe and 3000 unsafe) used for testing.

Regarding the setup, as stated before, the ego vehicle used in the simulation environ-
ment is equipped with three RGB cameras, placed on the left, right, and center of the
far front of the hood over the car. The cameras enable the ego vehicle to better per-
ceive its surroundings by providing a wider field of view. As mentioned earlier, the two
network architectures require two different formats of data. Thus, for the simple CPN
model, single frames of images are stored. The RGB images from the three cameras are
first converted to gray-scale to reduce the effect of color on the decision-making of the
neural network. This step is essential since the network only needs to detect an obstacle,
regardless of the type. The single-channel gray-scale images from the three cameras are
then combined depth-wise to create a single three-channel image of dimension 84x84x3
(as depicted over Figure 5.6), such that each channel represents one of the gray-scale
images. A similar procedure is followed to extend the data to the ST-CPN model by
storing a concatenation of the last ten image frames per step. The ten image frames are
stacked vertically to generate an (84x10)x84x3 image. The single long image is processed
into a series of 10 images of dimensions before being fed to the model as input, 84x84x3
akin to a short video. The two networks perform binary classification, such that the final
dense layer contains a single neuron. Thus, a decision threshold value of 0.6 is used so
that if the output layer neuron produces a value greater than 0.6, then the state-action
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Figure 5.5: The Simple CPN (left), and ST-CPN (right) architectures
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Figure 5.6: Format of the dataset used by Simple CPN

pair gets classified as unsafe. The test data consists of 3000 images of the unsafe class
and 6000 images belonging to the safe class, of which 3000 images are those of frames
that occurred just a few frames before the actual crash frame.

5.2.2 Evaluation Metrics

Unlike the fully controlled driving scenarios in the simulation environment, crash sce-
narios occur comparatively rare in the real world. This issue for evaluating systems built
for ensuring the safety of autonomous vehicles often leads to the development of imbal-
anced datasets. This was also the case in our dataset by enforcing a mild imbalance,
as explained in Section 5.2.1. Thus, accuracy, the most commonly used metric in deep
learning-based solutions, does not suffice as it could lead to a false sense of success in an
unpredictable fashion. Since falsely classifying unsafe states as safe is much worse than
vice versa, the main focus of the models should be on reducing the occurrence of false
negatives in the prediction pipeline. Therefore, recall is a more valuable metric for the
CPN models, which have been captured via precision-recall curves. As stated earlier,
we have designed two types of CPN, namely simple and Spatio-temporal (as known as
ST-CPN), considered for evaluation under the presence of both static and dynamic ob-
jects on the road in a simulated environment. Besides, we also consider an uncertainty
estimate in some of our experiments to demonstrate the efficiency of the crash prediction
networks in dealing with this challenging phenomenon.

5.2.3 Simple CPN with Static Obstacles Only

Before moving on to scenarios with a complex environment and more involved factors,
it is necessary to test whether a deep-learning-based model could help to predict the
possibility of a crash based on state and action information. As a sanity check in this
regard, the simple CPN model was tested in the initial experiment with only static
obstacles. This means that potential crashes are limited only to walls, fences, rocks,
crates on the road, and other static objects in an urban scenario, excluding the objects
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in motion like pedestrians and vehicles on the road. In this situation, the evaluated
model can predict the crash situations with a test accuracy of 0.7907 and an accuracy-
precision score of 0.7136. However, this accuracy rate is inadequate to be practically
usable.

5.2.4 Simple CPN with Dynamic Obstacles

Following the initial experiment results, the simulation environment for the new experi-
ments is extended to include dynamic obstacles in the form of 2- and 4- wheeler vehicles
on the road. The simple CPN model is tasked with taking an image of the current state
as input and the proposed action decision to predict whether the next state would be
unsafe. The developed model in this experiment can replicate the success of the pre-
vious one, with a minor enhancement and achieving a test accuracy of 0.8018 and an
AUC-PRC score of 0.7624.

Figure 5.7: Simple CPN model on test set with dynamic obstacles

As depicted in the confusion matrix over Figure 5.7, the number of false negatives
is considerably high. However, it is vital to minimize false negatives in the prediction
outcome for safety-critical systems such as autonomous vehicles and their applications
involved in maneuver planning. In order to improve the classification results, class
weights are introduced in the simple CPN architecture. The class weights are used
during training in the ratio of 1:2, such that the penalty of wrongly classifying a crash
case applied to the loss is double that of the penalty for wrongly classifying a non-
crash case. Depicted results over table 5.1 demonstrate a slight improvement of overall
accuracy and an increased recall score of simple CPN after applying class weights.
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5.2.5 ST-CPN with Dynamic Obstacles

Despite the presence of dynamic objects in the simulation environment, the simple CPN
made its decision based on only a single frame of information. This feature does not
allow the network to model the motion of the ego vehicle and other obstacles in the
environment. Therefore, the ST-CPN model is introduced to deal better with moving
objects, using Conv-LSTM to process a contiguous series of 10 frames of images. By
comparing the results as depicted in Figure 5.8 and Figure 5.7, it is evident that the
ST-CPN model can perform considerably better in identifying unsafe situations, thereby
reducing the number of determined false negatives as desired. This enhancement was
further visible in comparing the results of the ST-CPN model against the simple CPN
model in table 5.1 on the test dataset. Although the performance is comparably better,
the increased complexity of the model leads to an increase of the inference time for
ST-CPN by a factor of 10 compared to simple CPN.

Figure 5.8: ST-CPN model on test data with dynamic obstacles

Following the comparably good performance of the ST-CPN model in the presence
of dynamic obstacles, another evaluation is performed on the model’s reaction to out-
of-distribution data, namely the data that is slightly different from the conditions that
the model was initially trained on it. For this purpose, the performance of the model is
studied on the small test sets from previous experiments, referred to as test small with
3000 images randomly sampled from the original test set, and the other test rainy with
data collected in the same town but during rainy conditions. As depicted in table 5.2
and Figure 5.10, the rainy condition causes the model to misclassify comparatively more
unsafe scenarios, leading to a drop in the model’s overall performance.
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Figure 5.9: Simple CPN Vs. ST-CPN model on the test set with dynamic obstacles

Figure 5.10: ST-CPN model on test set in different weather conditions
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5.2.6 Simple CPN with Uncertainty in Dynamic Environment

As discussed earlier, accounting for temporal features in the prediction model helps to
improve the performance; however, it suffers from a drop in performance when encoun-
tering out-of-distribution data. Since the real world is constantly evolving and cannot
be completely modeled in the training data, it is necessary to have techniques for the
developed models to deal with such data. As pointed out earlier, standard deep learning
solutions provide no information about the model’s confidence in its prediction outcome.
Thus, both models from previous experiments are extended with MC-Dropout, by plac-
ing a dropout layer after every convolutional and dense layer, except the output layer.
The dropout was then applied during training, and during the testing phase, wherein
each input was used to generate T predictions to calculate the mean and variance. The
variance on each observation/data point indicates how confident the model is in its pre-
diction, which shows how similar the test data is to the training data. Since performance
improvements of using class weights are negligible, the Bayesian version of the simple
CPN model was trained without class weights. The advantages of using uncertainty
become apparent when using a dataset that differs considerably from the training data.
Thus, the performance of Bayesian simple CPN is evaluated on both test small and test
rainy set from the previous experiment. As depicted in table 5.2, the test set, including
the clear weather conditions, has nearly similar uncertainty estimates as the main train-
ing set; however, using the test set, including the rainy weather conditions, increases
the uncertainty estimate. It is fascinating that a minor change as small as a variation
in weather conditions can increase the uncertainty of the predictions. The uncertainty
estimates can therefore help build trust in the prediction of the CPN models. However,
the benefit of estimating the model’s confidence in its decisions comes at the cost of a
significantly longer inference time. The developed model takes ten times more time to
compute the class labels and their corresponding confidence values during evaluations.

Type ACCURACY RECALL PRECISION AUC-PR Note

Simple CPN 0.8018 0.57 0.77 0.7624 -

Simple CPN 0.8131 0.68 0.74 0.7706 with loss adaption

ST-CPN 0.8773 0.74 0.87 0.8951 -

Bay. Simple CPN 0.8015 0.57 0.77 0.9740 Uncertainty: 0.0162

Bayesian ST-CPN 0.8281 0.63 0.71 0.7679 Uncertainty: 0.0166

Bayesian Combined 0.8328 0.62 0.71 0.5408 Uncertainty: 0.0222

Table 5.1: Comparison of classification metrics on the test set in clear weather

5.2.7 ST-CPN with Uncertainty in Dynamic Environment

The ST-CPN network is extended by MC-Dropout to evaluate the effect of uncertainty
estimates, combined with the benefits of modeling temporal features. Respectively, both
models are trained to have a similar validation accuracy of about 0.80 to ensure that the
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model is comparable to the Bayesian version of the simple CPN model of the previous
experiments. Additionally, to capture the essence of the proposed CPN model with
multiple independent neural networks, the outputs of the Bayesian simple CPN model
and the Bayesian ST-CPN model are combined as a weighted average with a higher
weight being assigned to the latter. Hence, this model is referred to as the combined
model. As depicted in Figure 5.11, the combined model performs slightly better than
both individual models regarding the performance over a range of probability thresholds.
Thereby it demonstrates the potential benefit of modeling CPN as an ensemble of diverse
networks functioning in the union to make a robust prediction about the future state.

Figure 5.11: Bayesian versions of simple CPN, ST-CPN model and a weighted combination of
two models

5.2.8 Simple CPN and ST-CPN Models in Live Simulation

In order to demonstrate the performance of the Bayesian versions of the simple CPN
and ST-CPN on extrinsic evaluations, both the models are plugged into the ego vehicle
in CARLA to simulate a real-world scenario which is adjusted to be executed for 50000-
time steps. As noted earlier, the detection of safe and unsafe states suffers from an
extreme imbalance in datasets; hence the ego vehicle experiences only 246 collisions in
its lifetime during the experiment. On the other hand, the ST-CPN model can detect 147
cases for these recorded collisions successfully, while the simple CPN success rate is only
140 cases. Considering the recall as the most important metric for our evaluation here,
the ST-CPN model outperforms the simple CPN model. The poor precision scores of the
model can be attributed to the highly imbalanced nature of the test data. Figure 5.12
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Type ACCURACY RECALL PRECISION AUC-PR Note

ST-CPN 0.8816 0.75 0.88 0.8983 test set

ST-CPN 0.7770 0.45 0.79 0.7140
rainy
test set

Bay. Simple CPN 0.9443 0.90 0.93 0.9740
U*: 0.0139,
training set

Bay. Simple CPN 0.8030 0.57 0.78 0.7679
U: 0.0163,
test set

Bay. Simple CPN 0.6173 0.69 0.45 0.5408
U: 0.0212,

rainy test set

Table 5.2: Comparison of classification metrics in clear and rainy weathers - U*: Uncertainty

provides a better understanding of the relation between the precision and recall of the
two models.

Figure 5.12: Bayesian versions of simple CPN model and ST-CPN model on a extrinsic evalu-
ation performed by plugging the models directly into simulation
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5.3 Empirical Study on Emotional Profiles

The occupants’ behavior in the cabin environment (especially the driver) is directly in-
fluenced by their emotional states originating from internal and external stimuli. Those
exposed changes in behavior are usually reflected in their interaction with in-cabin com-
fort applications and driving components such as entertainment systems or steering
wheel and pedals of the vehicle. It is also known that emotions directly impact the in-
tensity of steering wheel rotation and pressure on the gas and brake pedals, positioning
the hands, head movements, changes in eye gaze, and maintaining the distance to other
vehicles [210]. However, the true nature of the behavioral reactions in response to the
changes in emotional status is unclear and could differ from subject to subject. One
argument is that a positive change in the arousal of an emotional state may lead to
more frequent sudden hands and head movements, like speedy eye gazes and/or com-
parably faster and sharper steering wheel maneuvers. Other factors, such as ethnicity
and cultural differences, add to the complexity of the matter concerning identifying in-
cabin behavioral-based emotional patterns. Therefore, performing a thorough empirical
study on the driver’s behavior in an in-cabin environment and the effects of different
emotional states on the interaction between the subject and the driving components is
beneficial to validate the existing general assumptions and form the common ground.
For this purpose, surveys and questionnaires are great tools to establish a baseline for
the respective empirical study; hence we prepared and distributed an online survey that
consists of three main parts as depicted in Figure 5.13:

� The opening questions, with a focus on demographics in order to collect the basic
information regarding the participants, such as age, gender, and origin (as known
as ethnicity),

� Designed scenarios following narration of a pre-history situation on the road that
aims to induce positive and negative emotions in the subject,

� General questions, which aim to collect the personal perspective of the subject
regarding the overall idea of increasing the autonomy of the vehicle, delegating the
control to the vehicle as well as the impact of different emotions on their driving
behaviors,

In the first round of our study, in which we published the preliminary findings over [211],
103 people in total participated, 95 of them were between 20 to 30 years old, and eight
people were more than 30 years old. 67% of all participants were male, and 33% iden-
tified themselves as female. Respectively, 85 of 103 who participated were drivers in
Germany, 11 from Spain, and the seven remaining participants were from Azerbaijan,
Turkey, UK, Poland, and South Korea. This initial phase helped us in developing user
profiles which we utilize in our following experiments in table 5.3. In the second round
of our survey, most of the participants in the extended version were between 20 to 29
years old, and the second largest group belongs to the range of 30 to 39 years old with
a 13% distribution. The remaining participants were spread in the spectrum of 18 to

78



5.3 Empirical Study on Emotional Profiles

Demographic
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Figure 5.13: The overall structure of the questions in the survey

above 60 years old. Among all the participants, 43% were female, and 57% of the par-
ticipants identified themselves as male. Regarding the origin of the participants, we
divided them continent-wise, and the majority belong to Europe with 50%. The second
leading group concerning ethnicity is Asia, with 43% of the participants. We gladly had
participants from Africa, south and north America in our survey, but their participation
rate remained below 5%.

The emotions understudy in this survey are grouped and averaged as positive (con-
taining happy and excited emotional states) and negative (containing anger, anxiety,
and sadness emotional states). The overall distribution of effects for these groups of
emotions on the targeted metrics regarding the driving behavior of distance to leading
vehicle, steering wheel maneuvers, reaction time, and acceleration intensity is depicted
in Figure 5.14. The negative group of emotions demonstrated a comparably more sig-
nificant influence on the metrics mentioned above, although the positive emotions still
can not be overlooked. Despite having a lower impact than the negative group, they
are essential in affecting and changing driving behavior. According to the participants
of our study, the averaged impact of different emotional groups on driving metrics, as
represented over Figure 5.14, supports the earlier claims on the considerable influence
of negative emotions in triggering abrupt movements or actions that are highly reflected
in interaction with driving components. It also explains why most of the research in the
domain of safety and developing safety-critical applications is focused largely on utiliz-
ing negative emotional states. On the other hand, the studies focusing on the comfort
domain mainly utilize positive emotional states.

Another important aspect of our study is evaluating the participants’ perspective
regarding the discrete emotions (instead of grouping them) and the individual impact of
each one of them on in-cabin and driving behavior. As depicted in Figure 5.15, anxiety
demonstrates comparably the highest impact on changing the status quo in the in-cabin
environment and affecting driving behavior. It also shows a different level of activeness
among the emotions belonging to each group concerning their reflection in behavior,

79



5 Experiments and Evaluations

Categories Number Percent

Gender

Male 193 57%

Female 144 43%

Agegroup

under 20 years 15 4%

20 - 29 years 266 79%

30 - 39 years 45 13%

40 - 49 years 5 2%

50 - 59 years 4 1%

aboce years 2 1%

Ethnicity

Africa 12 4%

Asia 146 43%

Europe 169 50%

North America 7 2%

South America 3 1%

Table 5.3: Demographics of 337 participants in empirical study
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Figure 5.14: Average impact of positive and negative groups of emotions on driving metrics
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which can be explained from the perspective of arousal-valence measure. For example,
in the negative emotional group, the sadness stands a bit lower than anxiety. On the
other hand, in the positive emotional group, excitement leads to more changes in driving
behavior than happiness. Aside from these findings, previous studies mainly focused on
evaluating the impact of anger rather than anxiety since the common term of road rage
is believed to be derived originally from anger, even though the anxiety itself could result
in the same effects. On the other hand, participants in our study might not imagine
themselves totally in a realistic situation that leads to the inducement of anger and
triggering angry emotional status, especially through a written scenario exposed to them.
However, they might be able to imagine themselves in a tense situation instead, since the
anxiety occurs more frequently than anger while driving due to the dynamically changing
and complex environment around the vehicle. The personal opinion of the participants,
which are depicted in Figure 5.16, represents the existence of such assumptions among
them, as well as the overall high impact of negative emotions on their driving behavior
compared with the positive emotions.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3

Acceleration Intensity

Reaction Time

Steering Wheel Maneuver

Distance to Vehicle
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Happy
Excited
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Anxious
Sad

Figure 5.15: Impact of discrete emotions on changing driving behavior over driving metrics

One of the interesting and yet very challenging topics in automated driving is the
moments in which the control of the driving task must be switched between the driver
and the car. This phenomenon, in general, is referred to as taking over control by
the issuance of take over request (TOR) and raises new challenges, especially regarding
the integration of safety measures, due to its complexity and the variety of the factors
affecting it [212]. Therefore, in our study, we also asked the participants about their
preferences regarding this issue. According to the responses of the participants, as

81



5 Experiments and Evaluations

Angry Anxious Sadness Happiness Excitement
0

50

100

150

200

N
u
m
b
er

of
re
sp
on

se
s

High Impact
Low Impact
No Impact

Figure 5.16: Personal opinion of the participants regarding the effects of emotions on their
driving behavior

depicted in Figure 5.17, most of them are willing to take over the driving task in the
vehicle when they find themselves in positive emotional states. On the other hand,
the general preference in negative emotional situations is mainly toward delegating the
driving tasks to the vehicle.

One of the crucial factors in analyzing the risk factors that lead to safety-critical
situations is the reaction time under the direct influence of the driver’s attention and
emotional status [213]. The outcome of our empirical study, as depicted in Figure 5.18,
outlines a set of interesting facts in this regard. The majority of the participants em-
phasized that they perform slower braking when they find themselves in a sad emotional
status. Respectively, the anxiety triggers comparably faster reactions according to the
participants. The affected behavioral aspects of the driver can also reflect in external
factors of driving, such as the preserved distance to other vehicles on the road and
maintaining it according to the contextual changes [214,215].

As is depicted in Figure 5.19, the majority of the participants tend to maintain compa-
rably longer distances to other vehicles on the road when they are in positive, primarily
happy, emotional states. They also tend to reduce and maintain shorter distances when
they find themselves in situations with the probability of increased anxiety. Similar be-
havior is also observed concerning acceleration intensity during the driving scenarios, as
shown in Figure 5.21. Another driving module in close and continuous coordination with
the driver that bears the emotional changes of the driver is the steering wheel maneuvers
and changes in its angular velocity [216]. It is especially important in the presence of
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Figure 5.17: Personal opinion of the participants on taking control of the highly automated
vehicle in different emotional state
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Figure 5.18: Reaction Time

negative emotional states with high arousal that may distract the driver from driving
task and lead to abnormal, hence sharper steering of the vehicle, as it is also observed
and approved by the majority of our participants according to Figure 5.20.
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Figure 5.19: Distance
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Figure 5.20: Steering Wheel
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Figure 5.21: Acceleration

5.4 Experimental Driver Simulator Setup

In order to investigate the relationship between the driver emotions and in-cabin be-
havior and respectively design a multimodal recognition architecture, we extended our
work to the lab environment. We set up a real-life driver simulator to populate a cor-
responding dataset containing in-cabin behavioral signals. Following the perspectives
acquired in our study at Section 5.3 and with the help of the experimental setup, we can
induce certain emotions and trigger the respective emotional state through this highly
controlled environment of the simulator and effectively track the subject’s responses to
any desired and triggered stimuli. The subjects’ personality plays a vital role in induc-
ing the emotions; hence we integrate a brief questionnaire between each driving scenario
to incorporate the direct input of the subject in the creation of the dataset and the
prediction pipeline.

Our experimental simulator car (as depicted in Figure 5.22) is directly connected
to the simulation software provided by VIRES Simulationstechnologie GmbH, called
v-SCENARIO v-TRAFFIC [217]. The VIRES Virtual Test Drive (VTD) simulator en-
vironment is fully functional integrated into an original SMART vehicle, all internal and
external lights are functioning, and surrounding screens visibly adjust the exterior view.
This option was an essential factor in order to maintain a realistic environment for the
participants. We connect the internal bus system to the simulation software and forward
the relevant signals of the steering wheel and acceleration/braking pedals to a central
storage unit in order to be utilized later on in populating the desired dataset. Further-
more, we place two surround sound speakers in the back of the cabin to replicate the
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natural engine’s sound, the environment’s noise, the sound of other vehicles on the road,
and the multimedia entertainment system for boosting the desired emotional states. As
depicted in Figure 5.22(a) the simulator’s interior contains no visible modifications to
preserve the originality of the driving environment for the subject. We set the car’s
driving mode to the automatic transmission, meaning the vehicle automatically shifted
the gear ratio instead of being changed by the subject. Like an ordinary gear system,
the gear handle inside the cabin can only be used to change the car’s direction, to drive
forward or backward. Nevertheless, this option was mainly excluded from our exper-
iments in the data collection process. In order to maintain the isolation and comfort
level of the environment for the subject, we activate the internal air conditioning system
as well. The dashboard of our simulator is fully functional and represents the current
velocity of the vehicle in the simulated world. The subjects are instructed to use the
blinkers and the honk when required or requested by the operator during experiments.
The steering wheel has a built-in vibration system that makes it harder to steer depend-
ing on certain factors like the velocity or braking intensity on the road. A standard
RGB camera is placed directly in front of the subject inside the cabin to simultaneously
record the driver’s facial expressions with car signals. The provided tools and libraries
of the simulation software make it possible to define autonomous traffic, deterministic
traffic, events and triggers, and pedestrians in the simulation environment.

(a) The interior area of the simulator testbed (b) The 180 degrees surrounding front area of the
simulator with high resolution screens

Figure 5.22: The VIRES VTD simulator testbed

5.4.1 Driving Scenarios

Different scenarios are designed to be deployed in the simulator to induce the partici-
pants’ positive and negative emotions. From a high-level point of view, a base scenario,
an aggressive scenario, and a depressive scenario are created for this purpose. In order
to measure changes in driving style, we use the same driving path in each scenario and
keep the road map identical because the driver behavior is highly dependent on the
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route, and preserving it, will assure a common baseline of reactions in different scenar-
ios. We only alter specific environmental settings in the simulation to induce the target
emotions and leave the other driving factors intact. Each scenario lasts approximately
15 minutes. The flag annotated as HomeToWork is the starting position for the par-
ticipating driver, circled by a lighter green circle over the visual overview of the driving
map in Figure 5.23. The order of the streets for driving is numbered as a meaningful
path for the subject during each ride. The path starts outside of the city on a freeway
and reaches and goes through a city afterward. This path includes six right-turns, seven
left-turns, and 11 straight-ahead at intersections. The annotations in blue on the map
represent coded event triggers. These triggers are placed with an absolute position be-
fore each intersection or turn and execute the code if a specific event occurs. In this case,
the triggers execute the code directly to display a text on the screen, as navigational
instructions to lead the subject via the dedicated path. These notifications are activated
if the participant drives next to them within a radius of 10 meters.

Figure 5.23: The map of the simulated environment for the driver

In order to measure the changes in driver behavior, it is necessary to implement (au-
tonomous) traffic in a simulation environment that makes interactions with the subject
on the road. It also allows us to analyze how the subject interacts with other vehicles
and road users under certain emotional statuses. The circled area in Figure 5.23 around
the subject is the area in which autonomous traffic is generated. This radius remains the
same during all scenarios. If an autonomous car drives outside the radius, it disappears
and appears again in the gray zone. There are three different configuration possibilities
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for the generated traffic. First, it is required to define driver profiles that represent
different driving styles of autonomous cars. Second, it is required to define the specific
type of cars representing a traffic flow. Furthermore, we define the radius in which the
cars spawn and the direction in which the cars are being driven. Considering our find-
ings from Section 5.3, we implement three driver profiles for the traffic: the hasty driver
profile, the brisk driver profile, and the comfortable driver profile. Each profile differs in
desired velocity, acceleration, observing speed limits, distance keeping to other vehicles,
lane keeping, the urge to overtake, lane change dynamics, the acceleration in curves, and
the response to tailgating. The hasty driver has very high values in all of these variables,
the brisk driver has medium values, and the comfortable driver has low values, respec-
tively. Each car type is equipped with its maximum velocity and acceleration value;
therefore, it is possible by chance that a motorcycle with a hasty driver profile drives
slower than a car with a brisk driver profile. It is also possible to define the distribution
of different types of vehicles such as cars, trucks, buses, and bikes. table 5.4 shows the
distribution in the percentage of the car types in our defined traffic for the simulations.
We observe that buses and trucks are too large for the city, and if they match with the
hasty driver profile, they tend to create crashes in increasing numbers. Therefore, we
get rid of buses from the simulation and only deploy trucks in this category. Bikes can
be mopeds and motorcycles. The mopeds have a speed limit of driving up to 40 km/h.
Eventually, we define how the traffic is generated around the subject. We choose the
radius of 250 meters for the outer area and 150 meters for the inner radius, such that
the subject does not recognize the sudden appearance or disappearance of traffic. In
total, there are 26 cars in a radius of 250 meters at all times, which from our point of
view is an acceptable traffic distribution and, at the same time, does not lead to any
congestion. Regarding the direction of the approaching vehicles, 40% of them appear in
front of the subject, 10% in the back of the subject, 25% on the left side, and 25% on the
right side. 65% of the cars drive in the same lane, and 35% appear in the opposite lane.
Our experiments demonstrate that more cars on the same lane lead to more touchpoints
with the subjects. The presented settings for traffic are used in all scenarios.

Type Probability

Cars 60%

Vans 15%

Buses 0%

Trucks 5%

Bikes 20%

Table 5.4: Distribution of different vehicle types on driving route during the rides
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5.4.2 Developed Multimodal Database

The evolved database consists of the face recordings of the driver through the camera,
driving signals (namely steering wheel rotation and acceleration intensity), and direct
questionnaire input, as depicted in Figure 5.24.

Figure 5.24: Different type of signals collected through the simulation testbed

The questionnaire is in the form of multiple questions analyzing how the subject
personally felt during each ride and in total in each scenario. Our second data source
is the camera placed inside the cabin of the testbed in front of the driver. This RGB
camera records the subject’s face while driving and captures the facial expressions during
each ride in different scenarios. Our third data source is the car signals generated as the
subject interacts with driving components during each ride. The database resulting from
this experiment includes 2430000 data points of driver signals and facial recordings of
around 11.25 hours and the data from the questionnaires of 15 subjects. In the end, we
experimented with 25 participants and successfully recorded the data of 15 subjects in
total for all the designed phases and scenarios. The experiment of 10 participants failed
due to either hardware flaws in our setup or the subjects’ inability to finish the rides.
Each participant was recorded during three different scenarios, each lasting around 15
minutes. Thus, we have collected approximately 45 minutes of recordings from each
subject. Our setup collects driver signals in 60 frames per second, leading to a data
point of 90 bytes around every 16.67 milliseconds. After a preliminary pre-processing,
this leads to approximately 162000 data points for each participant. The limitations
of this experiment are the difficulty of handling different personalities and certainly a
100% adequate inducement of emotions. Many different emotional states can potentially
affect driving and related behavior (e. g. boredom, sadness, excitement). The difficulty
of considering these additional emotional states goes back to their complex nature in
being produced and measured. Induction of some emotional states can be dependent
upon factors outside of the driving environment, as it is, for instance, the case of fatigue.
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It can also be challenging to distinguish the difference between emotional states, e. g.
between angriness and stress. Besides the unobserved variables, we believe that there
are more passive emotions with a high impact on the driving and in-cabin behavior, like
tiredness, which are hard to induce. However, this set of experiments can undoubtedly
be extended by different scenarios and more detailed emotional groups. Therefore, this
study limits the observed variables that impact driver behavior in driving scenarios to
only three classes of emotions, as depicted in Figure 5.25.

Neutral High Valence
(Positive Emotions)

Low Valence
(Negative Emotions)

High Arousal
(Awake)

Low Arousal
(Tired)

Base scenario

Emotional states:
Surprised

Happy
Relaxed

Calm

Aggressive scenario

Emotional states:
Angry

Stressed
Confused

Depressive scenarios

Emotional states:
Sad

Tired

Figure 5.25: Mapping the driving simulation scenarios into levels of arousal-valence

Drivers may have different resistance levels to becoming agitated while driving. The
difficulty of studying the effects of emotions on driver behavior lies in the fact that emo-
tions are internal matters experienced inside a person. Only the person him/herself can
describe it well, how it feels, and up to what degree its impact was. We approach this
limitation by aggregating our database with the questionnaire inputs. Our questionnaire
after each driving scenario provides an insight regarding the success of the inducement
of the target emotion. Nevertheless, this only incorporates the personal belief of the
subject. Therefore, the motive is to increase the accuracy and robustness of the data
collection process as much as possible. According to the general feedback of the par-
ticipants in our experiments, the simulator testbed was able to simulate the real-world
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driving experience with a high level of realism, hence capturing the participants’ driving
in-cabin behavior can be seen as a success. Furthermore, comparing the questionnaire
entries with the labeled data and facial recordings demonstrates that the inducement of
our aimed emotions on the 15 participants was successful.

5.5 Multimodal Architecture

One of the aims of this work is to demonstrate the importance and relevance of in-cabin
behavioral factors in identifying emotional states. This objective follows the primary
intention of maintaining the systems’ robustness while contributing to the overall context
awareness. The current status of the developments is focused mainly on facial recording
through the cameras mounted inside the cabin. However, privacy concerns aside, such
solutions are not very reliable in dynamically changing environments. As stated earlier,
changing the surrounding visual context of the vehicle, like sudden entering into a tunnel
or any change in weather conditions or even the reflection of a direct beam of sunlight, can
easily falsify the input feed of the cameras; therefore, the predictions end up in undesired
and wrongful areas. Hence, there is a need to utilize more modalities in the prediction
pipeline to deal with this issue and increase the robustness of the systems in confronting
such situations. According to the outcome of our preliminary study in Section 5.3, along
with the data collection phase on the VIRES VTD simulator setup, it is evident that most
of the driver interaction with vehicle components inside the cabin is focused on adjusting
the speed of the vehicle by the pedals and positioning the car by performing maneuvers
through the steering wheel. Hence, by recalling our definition from the in-cabin behavior,
represented in Section 4.4.1, the vehicle acceleration intensity and steering wheel angular
velocity are chosen as the most representative emotional factors based on the driver’s in-
cabin behavior. For this purpose, we have designed an experimental multimodal emotion
recognition architecture as depicted in Figure 5.26.

5.5.1 Facial-based Modality

The camera-based modality plays a crucial role in identifying the subject’s emotional
state in a multimodal emotion recognition architecture. This module typically consists
of different steps to detect a face, pre-process the captured image, extract features and
classify the emotion accordingly. The majority of the face-detection algorithms focus on
the frontal part of the human face. It is also true in the conditions of our experiments
in an in-cabin environment; therefore, only algorithms able to work with 2D images
are considered in this stage. There are three main approaches to train a machine to
locate and detect the face out of each frame. They are namely feature-based methods,
initially proposed by Viola and Jones [122], the classic Histogram of Gradients (HOG)
based methods, and Convolutional Neural Network (CNN) based approaches. However,
as the primary goal of our work is to design a real-time system that can be deployed
on commodity hardware integrated inside the cabin environment (i. e. our VIRES VTD
simulator), the CNN approach is excluded from this list due to its dependency on com-
parably high computational processing power. Among the remaining approaches:
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Figure 5.26: Overall data flow in designed the system

Viola and Jones is one of the widely used methods in object detection, which can
handle up to 15 frames per second. This approach also is famous for its slow training
and efficient use of Haar-like features. In order to implement this method:
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� The input frame is turned into an integral image. For this purpose, the value of each
pixel is taken equal to the sum of pixels on the left and above the corresponding
pixel. An intuitive example of this is shown in Figure 5.27(a). This feature provides
an option to compute any rectangle inside of the image only by summing four corner
values,

� Then minimum and maximum size of the sub-windows are selected, and later, each
one of the sub-windows starts to slide with a fixed chosen step,

� A collection of Haar-like features analyzes each sub-window, and a single value
is calculated by subtracting the sum of white rectangles from the sum of black
ones. The possible number of Haar features can rise to 160.000 for a 24x24 pixel
area; hence we use a set of cascade-connected classifiers to find the most suitable
features,

� Each sub-classifier holds some portion of Haar-like feature extractors, and if the
sub-classifier locates the target, the face of the subject, in this case, based on this
feature set, passes this area to the successive sub-classifier in the chain, or breaks
the chain in case of failure to locate the target as depicted at Figure 5.27(b).

(a) Haar-like features (b) Cascade of classifiers

Figure 5.27: Main characteristics of Viola-Jones (feature-based) method

Histogram of Oriented descriptors is used by applying a fixed-sized sliding window
over an image pyramid built upon them. The normalized HOG orientation features make
this method capable of reducing false-positive rates far better than the state-of-the-art
Haar Wavelet-based detectors [194]. The widely used implementation of this approach
is provided initially by the dlib library [218]. The pre-processed gray-scaled image is an
input object of dlib face detector, and the output is the rectangle coordinates containing
the face.
In order to evaluate both methods mentioned above and choose the most suitable one

for our purpose, a preliminary evaluation of both of them is performed on the YouTube
Faces Database [219]. The results listed in table 5.5 demonstrate that the HOG-based
face detection method outperforms the Viola-Jones concerning accuracy. Therefore,
despite the smaller average required processing time in Viola-Jones, the HOG-based
method is eventually chosen due to the importance of accuracy in the predictions for
our multimodal architecture.
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Method Frames Faces found True positive False positive Average time

Viola-Jones 60525 58267 57034 1233 41 ms

HOG based (dlib) 60525 59855 59704 151 117 ms

Table 5.5: Performance comparison of Viola-Jones and HOG-based face detection methods on
YouTube Faces Database

Pre-processing the captured images from the camera for face detection is necessary and
is typically divided into several stages. First of all, the resolution of the image should be
normalized. In our experimental setup, raspberry pi camera module v2, records videos
in HD format (resolution of 1280x720) with 60fps. The subject face is comparably a
big object and usually covers a considerable portion of the image based on the camera
angle placed inside a cabin; hence, we can easily decrease the resolution to 320x180
pixels without causing any critical negative impact on the accuracy. The second step is
to convert a 24-bit colorful image to an 8-bit gray-scale one. The transformation from
RGB to gray-scale is performed by using the formula of:

Y = 0.299 ∗R+ 0.587 ∗G+ 0.114 ∗B (5.4)

As shown above, each color is assigned with a different weight because human color
perception is not evenly balanced, and we, as humans, are more sensitive to green color
than blue and red. Therefore, the last step of image pre-processing is an improvement of
image contrast. For this purpose, OpenCV provides contrast limited adaptive histogram
equalization (CLAHE) method. The basic version of this method is global histogram
equalization which sets global contrast for the whole image. However, it is unsuitable
when the background belongs to the dark spectrum, and the face region is closer to soft
and light colors. In such cases, after equalizing the histogram value, the facial part can
lose most of the information due to over-brightness. In order to deal with this problem,
the CLAHE method is widely applied, which divides images into small parts called tiles.
The default size of each tile is 8x8. Then these tiny regions are histogram equalized as
usual. Now, the facial part is safe from information loss because equalization is applied
to small regions.

After face detection, we need to extract a set of features that hold viable emotional
state information. Finding a reduced set of primary features, also referred to as feature
extraction, is a standard practice in machine learning, pattern recognition, and image
processing [220]. In reality, only some parts of the face are affected by human emotions.
They are namely mouth, eyebrows, eyes, nose, and jawline. We use a facial landmark
detector designed by Kazem et al. [221] to extract important facial features from the
region of interests (ROI) and construct feature vectors for the classifier. The proposed
method for facial landmark detection using an ensemble of regression trees is widely
used and implemented in the dlib library. The pre-trained facial landmark detector
inside the dlib library is used to estimate the location of 68 (x, y)-coordinates that map
to facial structures on the face. The Figure 5.28 depicts the visualization of all those 68
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coordinates in this regard. Dlib facial landmark predictor was initially trained on iBUG
300-W dataset [8], and these annotations are part of it.

After predicting facial landmarks, we would like to crop out only the ROIs of the face.
As it is shown in Figure 5.28, the left eye is represented by 6 points where point 37 is
left and point 40 is the right corner of the left eye. The top corner is a point with a
higher Y-axis value between points 38 and 39. Accordingly, the bottom corner is a point
with a lower Y-axis value between points 41 and 42. After defining all corner points, the
rectangle containing all these points is constructed and cropped from the image. In the
same way, all other ROI parts are cropped out. The last and the most critical step is
the extraction of HOG features from the resulting ROI images. Parameters of the HOG
descriptor are listed in table 5.6. These parameters are identified by Thibaud et al. [222]
after making intensive tests using different values for HOG block size, stride, and nbins.
As a result, we get a feature vector with a length of 2400 (25x16x16).

Figure 5.28: Visualization of 68 facial landmarks [8]

Parameter Value

Window Size 96x96

Stride 16

HOG block size 8x8

nbins 6

Table 5.6: Parameters of HOG feature descriptor

After extracting the feature vector from the image, we can pass it directly to a clas-
sifier. However, before this step, we have to build and train the model respectively. We
use the extended Cohn-Kanade (CK+) [9] dataset to train our model in this work. This
dataset was originally published to promote research in the automatic facial expression
detection area. The CK+ holds 327 sequences where the first frame is neutral, and the
last is an apex of one of the emotions. One hundred eighteen actors participated, and
all sequences were recorded in a posed way, as is depicted in Figure 5.29. The number
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of sequences for each emotion is not equal. For instance, there are only 25 sequences for
fear, whereas 64 are provided for surprise emotion.

Figure 5.29: Inducement of different emotions in CK+ dataset [9]

We fetch the first and the last frame from each sequence and store them in a separate
directory. Also, the label of each frame is written to a joint CSV file. This way, we
can easily make cross-fold and benchmark tests when it was required. Some of the
sequences are colorful, and others are gray-scaled; hence all images are pre-processed to
be used in model training. As a result, we get 739 labeled frames where 499 of them
represent a neutral face, 35 anger, 46 disgust, 19 fear, 54 happy, 21 sadness, and 65
surprises. The number of neutral frames naturally is higher than the others. Given
labeled training data, an SVM can categorize new examples by producing an optimal
separating hyperplane. Basically, in two-dimensional space, the hyperplane divides it
into two parts where ideally, each section contains only the same type of data. One
of the essential factors in separation is the margin left by the hyperplane between two
categories. Ideally, it should be as comprehensive as possible, but there exists a trade-off
as well. Regularization parameters, also called the C parameter in python, are controllers
between maximum margin width and classification error. SVM optimization will choose
a smaller margin hyperplane to classify all training data correctly by setting a larger
C value. On the other hand, a lower C value will lead to a hyperplane with a higher
margin, leading to the misclassification of some points. Although SVM is mainly used for
linear separation of binary data, the SVM kernel functionality also provides polynomial,
radial basis function, and sigmoid types of classification. In this work, we employ SVM
implementation provided by the scikit-learn library [223], which supports three classes
of SVC, NuSVC, and LinearSVC capable of performing multi-class classification on the
dataset. These classes accept slightly different parameters and end up in marginally
different solutions. According to a comparison made in [224], a one-to-one method
outperforms one-to-rest in facial emotion recognition. Hence, we utilize the SVC class
with the linear kernel to make the final classification. After several experiments, the
best-fitted parameters of the SVM model are found and listed in Section 5.5.1.

In order to train our model, the K-fold cross-validation method was used with a K
value set to 10. In K-fold cross-validation, original data is randomly divided into k equal
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Parameter Value

Kernel Linear

C-penalty 10

Gamma 0.1

Decision function One-vs-rest

Tolerance for stopping criterion 1e-3

Table 5.7: Parameters of SVM model

partitions, one partition is kept for validation, and all others are used for training. This
process is repeated k times where each partition is used once as validation data. Finally,
the results from each interaction are averaged to deliver a single estimation.

The object tracking systems usually are faster than object detectors. It is due to
this fact that object detectors process each frame individually without holding any in-
formation about the results of the previous frame (localizing the object). In contrast,
tracking objects use location, direction, and motion of the object in previous frames,
hence performing a prediction about the object’s location in the next frame by quick
search around the object’s estimated location. The performance difference between these
two systems becomes even more considerable when a frame owns a very high resolution.
However, the demanded object occupies only a tiny portion of this ample space. This
fact demonstrates the importance of using an object tracking system in our approach.

(a) Without face tracking (b) With face tracking

Figure 5.30: Speed of facial emotion recognition algorithm on Raspberry Pi 3 Model B

In this work, we use the fast object tracking method originally proposed by Danel-
jan et al. [225], which demonstrates higher accuracy and performance compared to state-
of-art methods such as ASLA [226], SCM [227], Struck [228], and LSHT [229]. The
outcome of the experiments performed on Raspberry PI 3 Model B, shows that we gain
a significant improvement in the performance of the emotion recognition algorithm with
the help of a face tracking system, as depicted in Figure 5.30. The initial version of the
algorithm requires 0.49 seconds on average to process one frame. However, after em-
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powering it with a face tracking system, dramatic performance improvement is achieved.
The Figure 5.30(b) shows that the average time required to process one frame is reduced
to 0.14 seconds. The spike observed on the graph results from a switch between tracker
and detector when the tracked object is lost. The designed algorithm, which is used to
classify the facial emotions in real-time, is depicted in algorithm 1.

Algorithm 1 The HOG-based facial emotion classifier

1: featureVector ← init list
2: SVMClassifier ← load model
3: while newFrame is exist do
4: frame← FetchV ideoStream()
5: grayFrame← GrayscaleImage(frame)
6: if faceTracker(grayFrame).Score < threshold then
7: face← detectFace(grayFrame)
8: else
9: face← faceTracker(grayFrame).Position

10: end if
11: ROIarray ← FetchROI(face)
12: for each ROI in ROIarray do
13: hog ← HOGDescriptor(ROI)
14: featureV ector ← featureV ector + hog
15: end for
16: result← SVMClassifier(featureV ector)
17: end while

One of the crucial steps to maintain the system’s performance while preserving its real-
time prediction behavior is to filter out the frames that do not hold relevant information
for the prediction pipeline; for example, when the driver’s tilt is so high that the desired
parts of the face, containing facial expressions, become invisible. As a result, the classifier
could easily be falsified. In order to overcome this issue, the head position needs to be
estimated in each frame, and only the faces with small tilt and pan angle should be
considered for further processing. Technically the pose of an object is defined according
to its relative orientation and position to the camera. Thus, the pose of the object
changes either by moving the object or moving the camera. This problem is referred to
as Perspective-n-Point or shortly PNP in computer vision [230]. The goal of the PNP
problem is to determine the six-degree-of-freedom (DOF) pose of the camera concerning
the surrounding world while having the information about calibrated intrinsic camera
parameters, positions of n 3D points on the object, and the corresponding 2D projections
in the image. For this purpose, the following formula is defined:

spc = K[R|T ]pw (5.5)

Where the pw = [x, y, z, 1]T is the coordinates of the 3D point, pc = [u, v, 1]T is the
coordinates of the corresponding point in the 2D image plane, K is the matrix holding
parameters of the calibrated camera and s is the scale factor of an image. The focal

98



5.5 Multimodal Architecture

length of the camera (fx and fy), the optical center in the image (u0 and v0), and the
radial distortion parameters (γ) are the intrinsic parameters of the camera. This leads
to the following equation:

s

uv
1

 =

fx γ u0
0 fy v0
0 0 1

r11 r12 r13 t1
r21 r22 r23 t2
r31 r32 r33 t3



x
y
z
1

 (5.6)

This equation can be solved using the direct linear transform (DLT) method, and we
get the desired r (rotation) matrix and t (translation) vector of the camera respectively
out of it. The next step is to compute Euler angles (Φ Θ Ψ) from the rotation matrix.
The conversion process is thoroughly explained over [10], and the suggested algorithm is
depicted in Figure 5.31. After calculating Euler angles, we put minimum and maximum
possible values for each one of them. All head pose rotation angles not fulfilling this
condition will be skipped to maintain the overall accuracy.

Figure 5.31: Computing Euler angles from a rotation matrix as described in [10]

5.5.2 Steering Wheel Angular Velocity as Abnormal Behavior
Indicator

Steering wheel angular velocity is one of the primary behavior-based emotional factors
recorded during all rides from the participants in the experiments. Because some situ-
ations like avoiding obstacles on the road (e. g. vehicles, or pedestrians) may require a
sharp steering movement, the driver’s usage of the steering wheel must be observed for
periods of time instead of following an instance-based approach by focusing on specific
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points in time. Afterward, the average angular velocity in the steering wheel is calcu-
lated for a small fraction of time. This averaged value will be used later as the threshold.
We aim to detect angular velocity higher than the dynamically defined threshold and
mark this fraction of time as abnormal. An accelerometer is a device that measures the
acceleration of an object relative to free-fall. At rest position, it measures 1g, which is
the earth’s gravitation pull (g = 9.81m/s2). It is widely used in inertial navigation sys-
tems to detect the subject’s orientation (and, in some cases, stabilization). However, it
can detect tilt angle reliably only when it is fixed and stationary. Therefore, it is mainly
used in conjunction with a gyroscope that complements the accelerometer’s drawbacks,
and together they can obtain better results in tilt angle measuring. Our work uses the
MPU-6050 device, which contains a 3-axis accelerometer and 3-axis gyro data on a single
chip. The maximum sample rate provided by this device is 1KHz. In order to gather
data from the device, the I2C protocol is used.

Sampling Rate 30 (Hz)

Measurement

Range

Accelerometer 5 (G)

Gyroscope 300 (deg/s)

Magnetometer 750 (mGauss)

Table 5.8: Specification of MPU6050 sensor

Three-axis accelerometer data provided by MPU-6050 comes in a range of [-16384.0,
16384.0]. Therefore, as the first step, we scale the raw data to the range of [-1, 1] and
then use them to calculate an angle. The eq. (5.7) shows the rotation angle around the
X-axis based on provided X, Y, and Z values. Similarly, we can also calculate rotation
around Y, but this is not required in our work as a steering wheel rotates only around
one axis.

Ax = arctan(

√
X

Y 2 + Z2
) (5.7)

Theoretically, the obtained rotation angle is enough to calculate angular velocity;
however, it suffers from inaccuracy, hence must be filtered accordingly:

angle = α ∗ (angle+ gyro ∗ dt) + (1− α) ∗ (Ax) (5.8)

As mentioned before, the accelerometer is very volatile to all forces that act upon
the object. Considering that the device will be placed inside a non-stable environment
like the cabin, even a little forcing work may falsify the whole measurement [231]. On
the other hand, an angular position obtained by the gyroscope is more stable and is
not under high impact from the external forces. However, after spending some time, it
also acquires an adrift and is not able to return to its original position [232]. In order
to deal with this issue and take advantage of both methods, a complementary filter is
used. The concept of the complementary filter was initially proposed by Colton at [233].
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For detection of tilt angle, this filter makes low-pass filtering on data obtained from the
accelerometer. The high-pass filtering for tilt estimation is applied to data obtained
from the gyroscope. The fusion of both estimations gives us an all-pass estimation [234].

After obtaining a tilt angle of the steering wheel, to measure the change of the angle
in a small fraction of time, we calculate angular velocity using the eq. (5.9) where θi is
the initial angle, θf is the final angle, and ∆t refers to the time passed during the angle
change.

ω =
θf − θi
∆t

(5.9)

All these calculations are repeated for each newly obtained data, so shortly after the
process, evaluation of data and identification of aggressive driving patterns can be ini-
tiated. Continuous monitoring of behavior-based indicators using appropriate sensors
results in real-time data flow in time series. This obtained data is later used to de-
tect normal and abnormal values. From a technical point of view, this process is called
anomaly or outlier detection. An outlier is defined as “patterns in data that do not con-
form to a well-defined notion of normal behavior” [235]. Anomaly detection is a process
to find these outliers on data by comparing them with some pre-defined patterns or
rules. This problem has gotten significant attention in recent years and is researched
in various fields such as statistical analysis, artificial intelligence, and machine learning.
Time series anomaly detection is also researched and applied on different kinds of prob-
lems, such as detecting anomalous flight sequences using sensor data from aircraft [236]
or detecting outlier heartbeat pulses using ECG data [237].

A time-series X = x(t)|1 < t < m is a sequence of d-dimensional observations vector
x(t) = (x1(t), x2(t), ...xd(t) ordered in time. In most cases, data is collected in a static
time interval. However, when the interval is not fixed, an average number of samples
collected in one second is considered the sampling frequency. Time series analysis com-
prises methods for analyzing time-series data to extract meaningful statistics and other
data characteristics. Segmentation is one of these methods which helps to find out se-
quential anomalies. The main goal of segmentation is to split time series of t into small
sub-series of < t1, t2, ..tk > where tk is a sub-sequence of t such that:

t =
k⋃

i=1

ti (5.10)

and

ti
⋂

tj = ∅, i ̸= j (5.11)

The sliding window is a widely used technique to detect anomalies or pre-defined
patterns on data streams. In the sliding window method, the most recent data is more
valuable than a fixed window-based approach since the boundaries of the window change
over time, making it fit perfectly with the amount of data generated in real-time. Gen-
erally, there are three types of sliding windows: pure sliding window where the step
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between two successive windows is always less than the window size, jumping sliding
window is the one where the step between two successive windows is equal to window
size and eventually, the hopping sliding window where the size of the window is al-
ways larger than the step between two windows [238]. We use the pure sliding window
in this work since we aim to cover all the possible abnormal values. The angular velocity
is calculated and compared to the threshold for every window average. Depending on
the comparison results, 1 or 0 value achieved where 1 is the sign of aggressive driving.

∀(m), |Am| > α (5.12)

Am = (1/n) ∗
n∑

i=1

xi, n = wl, wl > ws (5.13)

Here m is the index of the window, Am is the average for the window m. The window
length is named as wl, and window step is ws. The α,wl, andws are the primary hyper-
parameters and considerably impact the detection accuracy. In order to define the length
of the window, several factors must be considered. When the length of the window is
very small, then there is a high chance of missing abrupt steering wheel maneuvers, as
the time taken to make this maneuver will be divided into small time fractions where
average angular velocity is not so high and can be difficult to differentiate from normal
smooth vehicle rotations. Respectively, too big window length can also lead to missing
some abnormal values. In this case, the usual driving after sharp maneuvers will de-
crease the average angular velocity over time. The window length should be based on the
driver’s reaction time to overcome this problem. According to the earlier experiments
by Zang et al. [239] and Khasbat et al. [240], the driver’s reaction time in a real-life
environment is around 800ms±50ms. Also, if we consider the situations where to avoid
the obstacles, a driver can make sharp steering during a short period, then around 200ms
more can be added on top of the pre-defined reaction time. This gives us approximately
1 second, which is enough for the driver to make biased decisions. During this period,
any high angular velocity not compensated with the angular velocity in the opposite
direction will be considered an aggressive driving maneuver. As mentioned before, our
sensors work in 100Hz frequency, then during 1 second, 100 values are gathered. There-
fore the length of the window is set to 100 in this work. The base value of another
essential hyper-parameter threshold (α) is taken equal to 30 degrees/seconds after mak-
ing several tests on the simulator. As mentioned, the threshold needs to be dynamically
set due to the impact of the speed. For instance, 30 degrees/seconds angular speed with
the car speed in 120 km/h is more dangerous and looks aggressive than making the same
maneuver with 20 km/h. Therefore the following equation is used in the formulation of
the threshold.

α = k ∗ αi, k = 100/v (5.14)

Where the αi is the pre-defined threshold, and v is the current velocity of the vehicle.
In order to evaluate the level of aggressiveness for the driver, we can calculate the
frequency of happening such non-friendly road behavior as follow:
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fa =
(n− 1) ∗ fa−1 + fl

n
(5.15)

In this formula, the time difference between the last and currently observed anomaly
is defined as fl. Additionally, n states the number of observed anomalies and fa−1 shows
the last calculated average frequency.

The Figure 5.32 and Figure 5.33 illustrate the position and velocity of the steering
wheel correspondingly in a relaxed and aggressive driving style for the driver. According
to them, the tilt angle of the steering wheel varies in the same range [-40, 40] for both
cases, but the result of the anomaly detector differs. The reason relates to the way
the rotation has been performed. As in the first scenario, the driver turns the steering
wheel smoothly, resulting in a gradual increase and decrease in tilt angle. However,
in the second case, we can observe a set of sharp spikes due to abrupt steering wheel
rotations by the driver. The t becomes even more distinguishable when comparing a
range of angular velocities in Section 5.5.2 and Section 5.5.2. Aggressive driving style
demonstrates angular velocity fluctuation between -100 and 100 degrees/seconds, at
least two times more than the numbers obtained in relax mode for the same driver.
Consequently, the system detects four anomalies in the second scenario against 0 in the
first one.

Our proposed approach contains several advantages and disadvantages. One of the
notable features of this method is its reliance on low processing powers and functionality
on commodity hardware such as embedded devices. Another advantage of this technique
is that delay between the prediction phase, and data gathering does not exceed 1 second.
This time difference is acceptable for such a system and makes it usable with other system
components in the following phases. Respectively, our problem differs from traditional
ones where anomaly detection is adopted on already collected data, such as detecting
abnormal temperature on some given time-series or detecting CPU spikes on servers.
In this situation, adopting anomaly detection in the current problem can lead to false
negatives when the driver turns the steering wheel a little bit after a long stable drive.
Therefore, using hyperparameters helps to avoid such situations and can be counted as
an advantage in the current implementation. However, the disadvantage of this approach
can be a necessity to define these hyperparameters depending on the sensitivity of the
steering wheel system in a car.

5.5.3 Vehicle Acceleration Intensity as Emotional Indicator

The vehicle acceleration intensity is another considered behavior-based emotional indi-
cator in our designed multimodal recognition system. The correlation between vehicle
acceleration/deceleration behavior with identity and driver age has already been studied
before [216,241]. In this work, however, we construct a model to recognize the patterns
in the time series of vehicle acceleration that can be utilized to identify the driver’s
emotional state. The required data, which is used for feature selection and training of
the model, is gathered from our VIRES VTD simulator setup, the same as the previous
experiment. Participants with driving skills are asked to drive pre-defined scenarios in
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(a) Steering wheel rotation angle

(b) Steering wheel angular velocity

(c) aggressive drive detector

Figure 5.32: Data collected in relaxed driving mode for one driver

our real-car simulator under various emotional states to collect the required data for our
experiments.
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(a) Steering wheel rotation angle

(b) Steering wheel angular velocity

(c) aggressive drive detector

Figure 5.33: Data collected in aggressive driving mode for one driver

According to the results of our empirical study in Section 5.3, drivers tend to drive
more actively and make abrupt movements more often when they are emotionally excited,
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Figure 5.34: Different emotional states adapted into arousal-valence measure

angry, happy and anxious (including both the confused and stressed states). On the
other hand, the drivers’ driving behavior becomes more passive and most likely reduces
the sudden eye/body movements when they are sad or tired. These emotions match
the emotional categories we adopted to valence and arousal measures [242] depicted
over Figure 5.34. Valence is positive or negative affective and defines the description level
on a scale from pleasantness/positive emotions to unpleasantness/negative emotions.
Similarly, the arousal measure indicates how calm or excited the subject is and implies
the level of reactiveness of the subject to a stimulus [243]. Here we outline the main
groups of patterns based on the fact that active-aggressive driving skills are related to
categories I and II. In contrast, category III represents passive-defensive driving behavior,
and category IV depicts (relatively) a neutral state of the driver. Of course, neutral
states are not representative as the positive and negative groups of emotions. However,
naturally, most of the emotional status of the drivers during driving ends up in this
category.

In order to compare the vehicle acceleration distribution during different emotional
states, the histogram of the frequency distribution of the rides in our simulator testbed is
plotted in Figure 5.35. The vehicle acceleration collection for categories I, III, and IV is
very similar and does not hold considerable signs for distinction. On the other hand, the
Figure 5.35(b) demonstrates a comparably more comprehensive range of values (-10 to
+6) for category II, in comparison with other categories, which indicates that the drivers
in the emotional state of angry or anxiety(stressed & confused) tend to accelerate and
decelerate relatively faster.
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(a) Category I (b) Category II

(c) Category III (d) Category IV

Figure 5.35: Frequency distribution of vehicle acceleration in 4 groups of emotional status

In order to demonstrate that a driver with high-arousal and negative valence (category
II) can be detected by using acceleration data generated during each ride, we label all
data related to Category II as 1 and the rest as 0. One of the commonly used machine
learning techniques for binary classification, as stated before, is SVM. The table 5.9
represents the main parameters of our SVM classifier. During the training processes,
69 samples are used. Class 1 contains only 25% of samples, which makes our dataset
relatively unbalanced. We assign a 4X weight to class 1, compared to class 0, to deal with
this issue. Each sample holds an array of 8000 acceleration values over 2 minutes. 10-fold
cross-validation achieves 96% accuracy on our collected dataset through the simulator
testbed.

5.6 Fusion Model

The standard practices show that the combination of multiple classification decisions
generates a comparably better result than utilizing single classifiers [244]. This tech-
nique is mainly referred to as ensemble learning in machine learning, which combines

107



5 Experiments and Evaluations

Parameter name Value

Kernel Radial basis function

C - penalty parameter 10.0

Gamma 0.0001

Decision Function 1e-3

Class – Weight 0 – 1 and 1 – 4

Table 5.9: SVM parameters for vehicle acceleration intensity-based emotion recognition

several machine learning techniques into one predictive model. A commonly used class of
ensemble algorithms are forests of randomized trees (as known as random forests). Ran-
dom forest is an averaging algorithm on top of multiple decision trees built on the same
training data set. The randomness of this algorithm helps to increase the bias of the for-
est slightly. However, the variance decreases due to the averaging of less correlated trees,
making it comparably a better model. Nevertheless, the random forest does not keep a
white box model of a single decision tree, and we can not extract a tree and learn about
the influences of a single feature. Therefore, initially, we construct a single decision tree
using 50 samples and export its flowchart tree in Figure 5.36. Visualization of a single
decision tree over Figure 5.36 reveals a noticeable impact of the vehicle acceleration in
the prediction of emotions from category II as is already mentioned in Figure 5.35. All
18 samples of category II are grouped using only one condition from vehicle acceleration
(VA), which shows the critical role of this module in predicting the anger, and anxiety
(nervousness or stress) of the drivers. The second condition in the decision tree uses the
proportion of sadness emotional state felt by the driver. This feature helps to group all
five samples from category III. After this step, only the samples from categories I and
IV are left un-grouped. Conditions formulated by SW module and happy, sadness and
neutral features from the facial module are utilized to deal with this issue.

After analyzing a single decision tree, we use the same feature vectors from 50 samples
to train a random forest classifier (as known as the collection of decision trees) to achieve
a higher accuracy rate while maintaining the robustness of the model. The first value
of the generated feature vector is the result of the vehicle acceleration intensity (VA)
module. The second value of the feature vector is the result of the steering wheel
angular velocity (SW) module. Furthermore, the last five values of the vector represent
the output of the facial emotion recognition module, as depicted in table 5.10. The
frequency of generating the feature vector is set to 2 minutes. For this period, SW
counts the number of abnormal steering wheel rotations. VA decides whether the driver
is under stress (category II: angry/anxiety). The facial module counts the number
of times the driver felt every seven basic emotions and gets normalized accordingly
afterward. Finally, Hyper-parameters of the random forest are tuned using grid search.
In the finest run, we set the minimum sample lead to 2, the maximum depth to 2, the
number of estimators to 6, and the maximum features variable to auto.
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Figure 5.36: Decision tree of combining 3 modules of VA, SW and facial expressions

Module Vector index Parameter Name Value

VA 1 Acceleration 0 or 1

SW 2 Steering Rotation 0 to ∞

Facial Expression

3 Neutral 0 to 1

4 Anger 0 to 1

5 Disgust 0 to 1

6 Fear 0 to 1

7 Happy 0 to 1

8 Sadness 0 to 1

9 Surprise 0 to 1

Table 5.10: Feature vector structure of the final emotion classifier

109



5 Experiments and Evaluations

The proposed method for the facial expression-based module at Section 5.5.1 suc-
cessfully achieves 93% accuracy after ten folds cross-validation in recognizing six main
emotions. The comparison of the achieved result with the state-of-art methods that
were similarly tested on the CK+ dataset is shown in table 5.11. Obtained accuracy is
higher than most of the previously proposed methods and only 2% less than the work of
Khan et al. [245] and Donia et al. [246]. It is also worth mentioning that Khan method
additionally requires eye-tracker apparatus.

Authors Method Accuracy

J.F.Cohn and T.Kanade et al. [9] Active Appearance Models 83%

H.Alshamsi et al. [247] BRIEF Feature Extractor 89%

W.Swinkels et al. [248] Ensemble of Regression Trees 89.7%

Sébastien Ouellet [224] Convolutional Network 94.4%

R.A.Khan et al. [245] HOG-based 95%

M.F.Donia et al. [246] HOG-based 95%

Our Method HOG on ROI regions 93%

Table 5.11: Comparison of different facial expression-based recognition methods on CK+

An evaluation of our facial module on the data collected through the simulator testbed,
as depicted in Figure 5.37, demonstrates a nearly perfect performance in detection of
happiness (100%), surprised/excited (96%), and disgust (93%). A human face is mainly
in a neutral state, which is also true in driving situations; therefore, it is essential to
detect the neutral state accurately. In this case, our method achieves 99% of the positive
rate for predictions. On the other hand, there is a slightly considerable low margin of
20% in recognition of the sad emotional state caused by the low number of samples for
this emotion and the high similarity shared with a neutral state in a human, especially
in an in-cabin environment.

In order to evaluate the unified system on the collected data from our simulator
testbed, ten rides from 8 different drivers are considered. Each ride is divided into
sub-samples with a length of 2 minutes, giving us 79 samples for evaluation at the end.
Prediction of the driver emotion in one single ride is obtained from the prediction results
of its sub-samples. As represented in table 5.12, the outcome of the tests on a single
ride demonstrates that the desired multimodal approach in this work achieves better
results compared to each of the modules individually. As initially considered, the facial
expression-based module plays a crucial role in final decision prediction, and steering
wheel maneuvers and vehicle acceleration changes are complementary modules in this
regard. The higher F1 score of the multimodal version indicates that steering wheel and
vehicle acceleration modules together convey highly related and beneficial information
regarding the emotional states, which previously was unknown to the facial module.
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(a) Without normalization (b) With normalization

Figure 5.37: Prediction of each emotion individually by facial module on simulator testbed
data

According to table 5.12, 77.27% accuracy is obtained by including all three modalities
on data samples with 2 minutes of length in a single ride experiment. However, this
condition is still prone to errors and wrong prediction outcomes. In real-life situations,
the 2-minutes range could be easily falsified by the dynamics of the situations like being
stuck behind a red light longer than usual or traffic jams. In order to cope with such
situations and increase the reliability of the results, we consider the decision-taking step
at the end of each ride by summarizing the emotion predictions performed for only sub-
samples and selecting the most frequently felt emotion accordingly as the final prediction.
This way, our system successfully achieves 94.4% of accuracy for classification into four
emotional categories.

Method Accuracy Precision F1 Score Recall

Facial-based module 54.54% 54.75% 50.45% 49.86%

SW-based module 37.5% 10.3% 13.6% 25%

VA-based module 68.18% 35.51% 37.76% 41.37%

Fusion of all three modules 77.27% 73.39% 73.59% 75.89%

Table 5.12: The results of each module in comparison with the fused one, in a single ride

A high-level overview of the state-of-the-art unimodal and multimodal emotion recog-
nition approaches which can be deployed in an in-cabin environment is presented in ta-
ble 5.13. Different modules are considered to evaluate different modalities in each of
the multimodal experiments, so the one-by-one comparison regarding the performance
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System Type Method Classes Accuracy

[249] Unimodal Electrodermal Activity (EDA) 3 70%

[250] Unimodal Facial Emotion Recognition 6 70.2%

[251] Unimodal Speech Emotion Recognition 3 88.1%

[252] Unimodal Speech Emotion Recognition 2 80%

[253] Multimodal EDA and Skin Temperature 4 92.42%

[254] Multimodal Speech & Facial Emotion Recognition 7 57%

[255] Multimodal Acoustic & Facial Emotion Recognition 3 90.7%

Our System Multimodal Facial and Vehicle Signals 4 94.4%

Table 5.13: Comparison of different unimodal and multimodal emotion recognition systems
based on accuracy and different number of emotional classes

is not intended here. However, it enlightens a set of fascinating findings and achieve-
ments. Most of the existing state-of-the-art multimodal approaches focus mainly on the
fusion of speech and facial modules, where the highest achieved accuracy among them
is 90.7% by Hoch et al. [255]. The low applicability of audio-based approaches aside,
they did consider only three classes as neutral, positive, and negative emotion. Another
notable method was proposed by Ali et al. [253]. They used the combination of EDA
and skin temperature parameters of a driver as the input for a convolutional neural net-
work and acquired 92.4% accuracy. The floating and unsteady context of the in-cabin
and outside environment exposes the occupants (and among them, certainly the driver
with the highest impact) to different emotional states and changes. The camera-based
approaches fed only by video/image streams of the subject are unreliable solutions for
this uncertain environment. This matter also becomes notable when the lighting inside
the cabin changes due to the environmental changes on the route. There is no need
to mention the typical related issues to facial-based emotion recognition, such as cul-
tural or ethnic-related differences, which significantly impact the prediction outcomes,
and overcoming them is still a significant challenge. Similarly, speech or audio-based
approaches are not practical solutions for an in-cabin environment despite their out-
standing results. The vocal communication between the occupants or the driver and the
vehicle assistance systems is not remarkably continuous during the entire driving time;
hence is not available all the time and is mainly limited to hums and random noises
generated by bored drivers. Therefore, constant identifying the emotional states of the
driver based on audio modality can not be seen as a reliable approach. Respectively, for
the physiological-based solutions, despite their outstanding achievements, the limitation
and drawback are the need for extra (wearable) sensors that directly collect the signals
from the subject’s body. This group of solutions is the perfect choice when the accuracy
of the predictions is desired, and the required hardware is available, and the subject is
delicate with using them. There is a bright future in sight for physiological signal-based
solutions in emotion recognition with the growing advancements of technology in design-
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ing new wearable service devices like smartwatches and the growing sensory environment
inside the vehicle. However, the dependency on extra hardware here is still a weak point
for these solutions, affecting their practicality.

From the perspective of behavioral modalities in interaction with driving components,
vehicles nowadays are equipped with typical gas/braking pedals and certainly the steer-
ing wheel. The driver constantly interacts with them during the rides. The proposed
system in our work, utilizing the original signals of the vehicle controlling systems (steer-
ing wheel rotation and acceleration intensity) and the real-time facial expression-based
approach, achieves an accuracy rate of 94.4%. This outcome demonstrates the positive
impact that incorporating such signals in the recognition pipeline can have on the out-
come of the current status of the emotion prediction systems. One of the most significant
advantages of such a solution is their reliance on the car’s natural, already existing sig-
nals originally generated from the driver’s interaction with driving components inside
the cabin. Furthermore, such signals as a continuous input feed during the entire driving
period ensure a reliable data source when the camera fails to provide the correct input
feed due to any external un/expected factors. Besides, the integration of these signals
can considerably increase the system’s robustness and prediction outcomes.

5.7 Multimodal Emotion Recognition API

Acquiring a sufficient amount of representative data is critical in developing machine
learning-based models that can generalize successfully. In emotion recognition, facial
recordings of the subjects play a crucial role; however, it comes with privacy concerns.
Besides, acquiring vehicle signals and driving-related data in a car suffers from similar
challenges. Generally, such problems will challenge any data that can be traced back
and eventually identify the subjects. This issue is not acceptable and tolerable in the
automotive domain either. All these concerns undoubtedly create problems for providing
sufficient data to develop efficient models, especially in emotion recognition which too
many personal factors play a role. Additionally, as mentioned in chapter 2, emotional
and context awareness are multimodal challenges; hence utilizing more modalities of
data is unavoidable to increase the robustness, efficiency, and accuracy of the systems.
In order to overcome such challenges and facilitate the access to resources, we designed
an application programming interface (API) that provides a reliable platform to evalu-
ate the developed multimodal models and extend them accordingly, based on the data
provided by the data owners, while ensuring the data/model-related privacy concerns.
The provided data by the data owners should not be archived on any of the machines
and be solely used in a set of pre-defined emotion recognition analyses by the developed
models without extracting any further information or unnecessary data analytics. Upon
delivering the analysis, the data gets purged from the machines accordingly. One of the
critical features of an API lies in its accessibility from the outside world through the
Internet to other data owners, preferably over a set of secure communication links. The
development of an API also must be done in a maintainable fashion for future integration
and upgrades. In an ideal case, it must be flexible, stand-alone, and highly independent
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from third-party-specific hardware/software resources on both sides of the server and
the client. Besides, preserving the privacy concerns regarding user data is a must that
needs to be taken into account in every aspect of the development chain of the API.
This matter can be guaranteed by providing a reliable and well-maintained encryption
mechanism.

Figure 5.38: Top level data flow of the designed API

The current status of the developed API accepts only the following resources that can
be accessed via respective URLs, listed over table 5.14:

� Facial recordings through camera: that can be accessed by a POST request
containing the frames of facial recordings in its body. Using the pre-trained inte-
grated facial modality, the prediction can be performed upon the provided frames,
and the detected emotional state gets returned inside the response message to the
client.

� Vehicle acceleration signals: that can be accessed by a POST request con-
taining the collected signals of vehicle acceleration intensity in its body. Using
pre-trained model of acceleration modality retrieved from the behavior-based eval-
uation module, the abnormal acceleration patterns are extracted in preset time
frames. The result is returned to the client accordingly. Suppose the user indi-
cates the interest in performing a multimodal emotion recognition and provides
the other required modalities to the API; in that case, the identified patterns will
be used for this purpose in the developed multimodal model afterward.

� Steering wheel signals: that can be accessed by a POST request, embedded
with steering wheel angular velocity signals of the vehicle.The integrated model can
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calculate the number of steering-wheel abnormal rotations in different time frames,
and then the identified set of patterns are forwarded back to the client. Suppose
the user indicates the interest in performing a multimodal emotion recognition
and provides the other required modalities to the API; in that case, the identified
patterns will be used for this purpose in the developed multimodal model afterward.

� Multi signals: which similarly can be accessed by a POST request embedded with
all frames of facial recordings as well as car signals (both steering wheel rotation
and acceleration intensity) in its body. A prediction of the emotional status is
performed upon the provided data with the help of the developed fused model
after the necessary normalization, and the outcome is forwarded back to the client
accordingly. This phase is planned to be extended with other different modalities
and more efficient models in the future.

URL Web Component

/login Login Module

/register Register/Sign Up Module

/emotion-recognition/facial Facial-based Emotion Detection

/emotion-recognition/acceleration Acceleration Intensity Detection Module

/emotion-recognition/steeringwheel Steering Wheel Angular Velocity Detection Module

/emotion-recognition/multimodal Multimodal Emotion Recognition Module

Table 5.14: Client URLs to access resources

(a) Facial recordings module (b) Vehicle acceleration intensity module

Figure 5.39: Different modules for the web interface of the client side

RESTful web APIs are typically based on the HTTP method, which is a stateless
protocol meaning that each request is handled independently from the previous ones
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and planned requests of the same client [256]. From a technical point of view, this con-
tradicts the need for authentication and authorization of access requests. To overcome
the stateless nature of HTTP requests, we are obliged to use an authentication strategy
outlined in the following. At the final stage, a database is also considered to be deployed
to manage and store the user registration and login credentials. The internal architec-
ture of the API concerning user authentication is depicted in Figure 5.40. The web
interface provides a set of practical tools for the user to edit, synchronize, and adjust
the set of frames in the uploaded data files to facilitate the manual normalization and
pre-processing phase.

Figure 5.40: User authentication and login mechanism

As stated before, to preserve privacy concerns regarding the evaluation data, it is vital
to consider a reliable and flexible encryption mechanism for the communication and
message exchange of the API. For this purpose, we use a hybrid approach method based
on both asymmetric and symmetric encryption methods. For asymmetric encryption,
RSA is chosen, although it is relatively a slow algorithm. However, by employing large
prime numbers for key generation, it provides a highly secure crypto-system. For the
symmetric part of our hybrid encryption approach, AES is selected to be deployed. AES
algorithm can support any combination of data (128 bits) and a key length of 128, 192,
and 256 bits [257]. Based on experimental results provided at [258], the AES algorithm in
the encryption phase consumes fewer resources and, in decryption, outperforms the other
counterparts. The hybrid mechanism considered in this work consists of the encryption
and decryption of data with a standard shared secret key via AES. The secret key, which
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is used for the AES encryption, is secured by the RSA crypto-system. The front-end
side of the client employs a web interface as a controller component that contains all the
logic of the view. As depicted in Figure 5.41, the controller component on the client side
manages the registration and authentication of the users in the login phase and retrieves
different API resources. The client front-end is connected to the webserver that contains
the API resources and provides access to the user database. An overview of the API
resources and the integrated functions are presented in the class diagram of Figure A.1.

Figure 5.41: Controller mechanism between the client interface and the server
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6.1 Conclusion

Context-awareness plays a crucial role in the era of intelligent vehicles, and it will also
be an important factor when autonomous cars flood the streets in the near future [13].
However, humans still stand at the epicenter of the affecting factors in forming the
context for the applications of intelligent vehicles. Hence, incorporating the role of
a human user in defining the factors that impact maintaining context awareness and
accordingly addressing the newly raised challenges is inevitable. This work took a user-
centered approach on two binding domains of safety assurance and emotional awareness
as the main enablers of context prediction architectures in intelligent vehicle platforms.
One of the most critical challenges in the safety domain is the integration and enforce-
ment of safety standards in the development chain of AI-based applications during the
design-time phase. This concern is also extended to the run-time phase due to the high
level of non-homogeneity between safety and artificial intelligence domains. One of the
prominent strategies to deal with this type of issue is developing an external monitoring
mechanism that preserves the safe operation of the system in run time. We provided
a safety violation identification framework deployed on top of the CARLA simulator
to tackle this issue during design time. This framework can identify the exact type of
violation with the coordination of the incident along with the severity level and visualize
the related details accordingly on the grid map of the simulator for safety engineer [259].
The provided information by the framework helps the safety engineers to understand
the behavior of the intelligent driving agents in the driving environment, thus acquiring
broader knowledge and more flexibility to apply and observe the outcome of the required
adjustments in real-time. As a result, the safety measures in the development chain of
AI-based applications will be enforced with more efficiency and effectiveness. The eval-
uated algorithms for this framework in our experiments were based on basic variants
of reinforcement and imitation learning; however, due to the independent nature of the
framework from the evaluated algorithms, the setup can be extended and utilized with
more complex path planning methods as long as the evaluation remains in the CARLA
simulator. Our work in the safety assurance domain was extended to the run-time phase
by defining a novel monitoring architecture to preserve the safe action of the developed
applications based on machine learning methods, more exclusively reinforcement learn-
ing approaches [186]. The concept of Crash Prediction Networks (CPN) was designed
in this work by the ensemble of networks in CARLA simulator, observing and simul-
taneously being trained on a set of pre-defined safe operations of the application, and
then being deployed on an actual driving agent to monitor its actions and preserve its
safe operation accordingly [7]. The simple version of the CPN was also extended by
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integrating spatio-temporal features and evaluated in different scenarios in the presence
of static and dynamic obstacles. We also demonstrated that CPN is capable of dealing
with uncertainty, one of the most challenging issues of machine learning, especially in the
automotive domain, in the presence of an imbalanced dataset and respectively exhibiting
acceptable performance in this regard [260]. The second part of our work in enabling
context prediction architectures of the intelligent vehicle platforms was dedicated to emo-
tional awareness and the impact of integrating behavior-based emotional indicators in
multimodal recognition architectures. In order to identify and validate the common in-
cabin emotional factors and determinants, we performed a preliminary empirical study
with the help of an online survey distributed initially among 103 participants in the first
round [211]. Afterward, the designed questionnaire was enhanced further to incorporate
the participants’ personal opinion regarding the projection of emotional states on their
in-cabin behavior during driving and vice versa. In the second round, the survey reached
337 participants from different countries. The outcome of our empirical study on the
distributed survey was utilized to design the behavioral profiles, which later were used
in our experiments over the VIRES VTD simulator on more than 15 participants. The
evaluated results and findings of our work on studying the steering wheel angular velocity
and vehicle acceleration intensity, as the selected behavioral-based emotional indicators,
demonstrate the positive impact on maintaining the robustness of the system and pre-
diction outcome by integrating such indicators as different modules in an experimental
multimodal emotion recognition system [139]. Utilizing these in-cabin behavior-based
emotional signals improve the context prediction architectures of the intelligent vehi-
cles that rely on the respective services. Therefore, it brings numerous opportunities
for the applications, especially the machine learning-based ones, which require human
user feedback for closing their decision-making loop. Preserving privacy is also one of
the challenging aspects of each research work that deals directly with user-related data.
This issue becomes even more critical in the automotive domain by the demand for the
users’ driving-related data during the experiments and following evaluations in safety
and emotional awareness domains. To tackle this issue, we developed an application
programming interface (API) with a user-friendly web interface to evaluate the devel-
oped models on different (privately collected) datasets over secure communication links
without exposing the data directly or storing any information on the server. This API
enables the researchers to access and utilize the previously developed models and eval-
uate them further with their own data without directly publishing or sharing the data
with the model owners. The built-in tools of the web interface of the developed API
can also provide a useful set of functions for normalizing and processing the data be-
fore evaluation. This API facilitates the collaboration between different research and
development domains and can be extended in the future to support more modalities and
features if required.
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6.2 Discussion and Outlook

Our work in the safety domain considered a relatively passive role for the vehicle’s driver
and focused solely on preventive measures in design time. Most of the experiments in
our work have been designed and evaluated in CARLA simulator, one of the state-of-the-
art solutions and widely used simulators for autonomous driving applications because it
provides a rich set of tools and libraries to support the required demands of the designed
experiments for the safety domain and safety-critical applications. However, regardless
of its high quality and richness, a simulated environment can not always be an entirely
reliable substitute for the real world due to its apparent limitations. Hence, the necessity
of acquiring real-world data should not be overlooked in future works, especially in the
safety domain, during the training and the validation phase, for applications that must
satisfy a high level of safety requirements.

Regarding the safe operation monitoring and uncertainty issue originating from ma-
chine learning methods and training data, we initially considered multiple safety-critical
situations in autonomous driving that are vulnerable in this regard. First, we proposed
the assuring candidates for monitoring approaches to preserve the safety of such a system.
Then, we evaluated and examined the most promising candidate on the designed scenar-
ios in the simulation environment. This work’s developed application for the monitoring
approach, CPN, has utilized the basic reinforcement learning algorithms in simplified
simulation scenarios as the proof of concept. Extending the aforementioned safety mon-
itoring approach during the training phase is necessary. This goal must be achieved by
examining more complex path planning methods while adding further dynamics to the
scenarios and the evaluation criteria to benchmark the capabilities of the monitoring
system in identifying potential weak points and developing more generalized accurate
models. It should be noted that applying just one particular technique is not enough to
verify the functionality of adaptive software inside the vehicle, as each method has its
own set of pros and cons. Instead, we need to focus on building a toolbox of different
verification and validation techniques that can be applied based on specific needs and
specifications of the system. We suggest using a layered approach in future works where
each layer of monitoring for data and the application, independent of each other, focuses
on one aspect of the safety requirement in target applications.

On the emotional awareness side, we also face a similar situation. The topic of emo-
tions and affect recognition is complex by nature, and the involved factors can differ
considerably subject-wise. In this work, we tried to lay our hypothesis on a very con-
crete set of definitions following a preliminary empirical study, which we have performed
in advance. However, there are still valid concerns regarding the number of participants
and their diversity in our empirical study. For example, the considerable positive value of
skewness and a high value of kurtosis for the age group of the participants demonstrate
an existing bias that must be overcome in future evaluations by incorporating diversity
through utilizing more participants. This issue is also valid regarding the ethnicity of
the participants and their country of origin and has undoubtedly been reflected in the
simulator testbed-related experiments during data collection. Nevertheless, it is vivid
that adding more variety to the groups of participants and increasing their number can
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form a more representative backbone for further evaluations. Moreover, our experiments
utilized a relatively low number of drivers due to resource limitations during evaluations;
hence, we believe that increasing the number of participants is vital to develop more rep-
resentative datasets and models, especially for behavior-based modalities, that can be
generalized efficiently.
Last but not least, the developed API in this work can be extended further to sup-

port more modalities and provide real-time prediction on the live data feed. Besides,
the efficient pre-processing of the vehicle data on the server side is still a considerable
challenge due to the diverse range of existing components and the amount of generated
signals inside a vehicle.
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