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Abstract
Automation is more and more shifting towards a technologic world where the human component is
however still involved. The autonomous cars represent an example where the shift towards a fully
automated vehicle still requires the presence of the human component, that is a human-in-the-loop, which
may represent the failure or the added value of such systems. Stress and fatigue represent the main
concerns in safety issues during workloads, above all, in situations where the person’s behaviour
represents a potential source of harm in human–computer interaction.

After a brief survey of the recent literature on the human as a sensor concept, in this paper, some
examples of an electroencephalography (EEG) based brain-computer interface showing the still limited
but potentially challenging effectiveness of such an approach in systems engineering. The aim is to
explore brain activities when a subject is conditioned by external stimuli during the execution of a
cognitive task and to evaluate the human capability to react to the unexpected event faster than a
machine.

Different experiment tests have been designed to evaluate the human reactions under simulated driving
scenarios and workload sessions. Accordingly, different methodologies to use this information are
shown. Driver’s performance has been evaluated by EEG power spectrum analysis when unpredicted
acoustic stimuli or breaking emergency situations are simulated during the driving session. A Fine
Gaussian Support Vector Machine (SVM) approach has been carried out to classify the human’s brain
activities when the participant has to drive a car along a challenging curvilinear path in a virtual
simulated scenario or when he is exposed to visual disturbances while performing a common task.

The results demonstrate an interesting potential correlation between external stimuli and driver’s brain
wave activities in virtual driving environment. In addition, the EEG pattern recognition in the visual
external stimulus test and in the driver’s stress simulation to tackle a road with different curve angles
generated promising outcomes. However, despite the wide literature on the subject, the effective use of
such signal still represents a hard although challenging task.

Introduction
In different kinds of context, from manufacturing to automotive, the human factor represents as a key
element, in addition to hardware and software, which may affect but also improve overall system safety
and e�ciency. Advanced technological application and the arti�cial intelligence are coupled in many
industrial tasks to perform speci�c activities and to identify potential problems, recent examples are the
automated vehicle guidance or robots engineering. Those technologies are quickly evolving and they
reached signi�cant results to replicate the cognitive abilities of the human brain. In general, cooperation
aspects among humans and machines are usually taken into account as a communication process
where machines support decision makers and where decision makers take decisions to optimise the
overall control of the process.
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These technologies fail when human emotions also affect the decisions in the control processes thus
implicit human-machine interaction has to be included in the brain–computer interface (BCI) systems
(Rani P., et al., 2003). Besides, physiological signal represents the most direct element to detect changing
in human emotion process (Xiao, G. et al., 2020).

This paper mainly focuses on this aspect related to the interaction of machines and human when this
latter, involved in the task, has to take decisions in particular mental state generated by unpredictable
problems in the neighbour environment. The machine-human interaction is here analysed as a reverse
problem.

The main purpose of this paper is to demonstrate that the data coming from the human brain, modelled
according to the “human as a sensor” (HaaS) paradigm, represent a source of data to detect alert or
dangerous situations. In the proposed approach, the objective is to demonstrate the possibility for
humans to support machines in the performance of their processes, with a speci�c focus on safety.

In particular, the human assumes the role of a sensor because he/she may perceive possible adverse
conditions in advance in respect to the machine. Human feels emotions as fear or stress, which the
machines are not able to note, but which represent the added value in the identi�cation and prediction of
unsafe circumstances.

The HaaS paradigm is based on the concept that humans represent a data source to interpret external
events due to their capability to �lter and process personal observations from the environment (Avvenuti
et al.,2016). in this paper, we extend this idea, from the social sensing system, to physical network system
with special reference to BCI applied to the automotive context.

Beside, HaaS is a paradigm which considers the human as the main subject which may detect complex
hazard events or potential accidents better than physical sensor system (Wang et al., 2014). In the recent
literature, this paradigm is mostly used in the social sensing framework due to the diffusion of online
social networks. The persons, through the massive diffusion of ICT devices, are able to collect large
amount of data and information from the environmental they live and to share them by communication
system (Deogade S. S., 2018).

In the brain-computer interface (BCI) context, it is interesting to introduce the concept that the user, who
interacts with a computer or a machine, represents a source of data that can be used to identify critical
situation and predict events in different context of application such as cyber security, transportation,
energy or social issues (Avvenuti et al., 2016).

In fact, the traditional approaches that manage the system automation often fail in the correct
representation of the relationship among the performances of persons and his/her human machine co-
working environment.

The aim of the HaaS is to improve and integrate the technical systems involved in safety and security
without however replacing them. The paradigm HaaS is nothing new as there is a lot of references also
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reported in this paper about such approach. The novelty of the paper is to investigate on the possibility to
use the human as an additional sensor where traditional sensor technologies can not succeed (such as to
detect a “feeling” of danger), or simply as additional integrating information when traditional sensor
technologies do provide information. The physical sensors usually acquire more reliable data in
relationship to speci�c physical phenomena such as temperature detection, distance measurement etc…
The human, in the proposed Haas approach, assumes the role of a sensor which provide a more spread
range of information about the environment also in �elds which can not have one physical measure to be
detected, such as fear. The brain activities in fact vary according to the external conditions which may
produce different user’s cognitive reactions. The possibility to complement the current ICT with user driver
detection systems improves the quality of the monitoring. Rahman et al. (2017) introduce the HaaS as
cyber-trustworthiness by proposing a mechanism to assign a score for individual reports based on the
features of the mobile device that are monitored in real-time. In Heart�eld et al. (2016), the authors
explained the HaaS concept to detect semantic engineering attacks. Cameron (2015) uses the HaaS to
improve emergency situation alertness in crisis management while Sakaki et al. (2010) applied it for real
time detection of earthquake damages.

Intelligent automation may also involve HaaS, speci�cally, putting the human in the loop, allowing
him/her to add information for example to enhance the system’s performance, to adjust unforeseen
errors, adding missing data, or supporting the decision making process. In detail, in the speci�c context of
the BCI, HaaS may be taken into account as a more speci�c human-in-loop feedback control which aims
at investigating how the human and machine collaborate in an integrated and intelligent way (Zareian et
al. 2014). In literature, several studies are dedicate to models representing the human choice in a complex
system as a mixed assembly line in a manufacturing system considering the techniques based on
human-in- loop approach (Busogi et al., 2017).

A challenging trend of the HaaS research deals with the integration of the human sensing data coming
from the electroencephalography (EEG) signals, considering it as an integral component of the overall
automated system and of speci�c decision making tasks. EEG provides the electrical brain activities by
monitoring the voltage variation through electrodes allocated on the scalp. This kind of analysis started
with medical or clinical purposes, but recently, its use is devoted to extract from the EEG trace information
about the monitored person while performing some speci�c task in order to evaluate how his/her brain
reacts in the different test cases (Paszkiel, S., 2020). The studies that investigate the possibility to use the
biometrical or biophysical signals as a source of data to evaluate the interaction between the human’s
brain activity and an electronic machine fall in the human-machine interfaces (HMI) framework. The HMI,
named in this context BCI, is a system which can acquire the human signals, to analyse the speci�c
embedded structures, to recognize the behaviour of the subject during his/her interaction with the
machine or with a virtual interface as a PC or with another communication system (Ferreira, 2008).
Among the paradigms used to implement BCI, EEG signal analysis represents one of the most frequently
adopted approach (Roman-Gonzalez, 2012).
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EEG signal analysis plays an important role in a variety of applications, above all to interpret humans
emotional states and to produce a feedback to identify the related behaviour to the emotions
(Mohammadpour, 2017). Actually, a large part of the scienti�c papers are still dedicated to select the
optimal channels or features in the EEG trace which may improve markedly the correlations with the
emotion recognition (Chen et al., 2020). However, most literature shows results on different kind of
human sensations recognised by EEG spectral changes. Commonly, the main six basic emotions are fear,
anger, repulsion, pleasure, sadness, and surprise described in a 2-dimensional space with dimensions
valence and arousal (Al-Qazzaz, 2020). Thanks to the brain’s capability to feel sophisticated emotions
and to provide complex dynamic information that are reproduced by the cerebral cortex, different
methods for the automatic detection of emotions through EEG signals have been studied and applied in
literature.

Angrisani et al. (2020) used software techniques to mitigate noises and interferences in the EEG signals
from the human brain, to classify them, and processed the main desired information to improve the
e�ciency in the human-device interaction. In Attia et al., (2018), a steady state visual evoked potential
(SSVEP)- BCI systems based on a convolutional neural network (CNN) has been developed to classify the
brain activities coming from a wireless EEG in order to realize a real-time control loop for a mobile robot.
The classi�er processed the EEG signals of the participants subjected to visual stimuli and generated the
commands for the robot as a brain-actuated vehicle in human-in-loop con�guration. Zhao et al. (2016)
implemented a SVM classi�er to manipulate the human EEG data in such a format that human intentions
can be recognized and motion commands are then transmitted to a teleoperated robot.

EEG signal analysis fundamentals and experiences
to detect behavioral human states
In general, the electrical activity of the brain detected by the EEG is classi�ed according to different types
of waves such as theta, delta, alpha, beta, and gamma. The frequency patterns of these waves identify
different functional states of the brain. The classi�cation consists in �ve sub bands (Khosla et al., 2020):

γ Gamma (frequency range >30 Hz) used to identify neurological disorders;

β Beta (frequency range included in 14 and 30 Hz) associated to the parietal, somatosensory, frontal,
and motor areas. Beta activity is signi�cant for the states of alertness and attention and in case of
perceived stimuli (Campisi & La Rocca (2014)).

α Alpha (frequency range included in 8 and 14 Hz) associated to the parietal and occipital regions.
Reduction in alpha frequencies can reveal anxiety and emotional tension in the monitored subject.

𝜗 Teta (frequency range included in 4 and 8 Hz) coming from the hippocampus region. In case of
test, the increasing in the theta power band re�ects memory demand (Campisi & La Rocca (2014)).

δ Delta (frequency range included in 0.1 and 3.5 Hz) mostly generated by the thalamus region. The
increasing of Delta EEG rhythm during a mental activity is identi�ed a growing attention in the
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subject.

Usually, the inactive brain state leads to the slowest brain rhythms while the fastest rhythms are
representative when the subject performs some task processing. Wei et al. (2020) developed an EEG-
based emotion recognition system to identify positive, neutral, and negative emotions. They decompose
the original EEG by a Dual-tree Complex Wavelet Transform (DT-CWT) and then applied a Simple
Recurrent Units (SRU) model to extract features using time, frequency and nonlinear analysis. Mehmood
and Lee (2016) proposed a (late positive potential) LPP-based EEG feature extraction method for four
emotional stimuli related to sadness, scare, happiness, and calm according to the arousal-valence
domain (Wundt, 1948). They concluded that the theta and alpha frequency bands from EEG signals may
be an optimal choice for the analysed emotion recognition. Thanapattheerakul et al. (2018) and Maria et
al. (2020) proposed widespread reviews on emotion recognition patterns.

Besides, a wide range of EEG signal processing methods relevant for emotion recognition exists in
literature generally distinguished in time, frequency, and time-frequency domains. Al-Nafjan et al. (2017)
and Jenke et al. (2014) report signi�cant surveys for the current developments in this �eld.

Recently, the topical research in the estimation of emotional EEG signals is related to the safety concerns
in working environment. Due to the growing interest in the simulation tools to model the dynamic of
human performances, new BCI methods have been implemented to design adequately the integrated
relationship between cognition and safety (Sträter, O., 2005). In literature, the mental fatigue may identify
awake and sleeping states. On the other hand, in order to improve safety, there is a practical need to
estimate, monitor, and predict the mental fatigue during speci�c task associated to the workload or to
activities which need high level of attention. Recent studies demonstrated the effectiveness in EEG
patterns use to identify the mental fatigue in persons fully awake too (Trejo et al., 2015). In this context,
the same importance is given to the identi�cation of stress states (Mühl et al., 2014). Gharagozlou et al.
(2015) analysed the EEG alpha power changes in partially sleep-deprived drivers while carrying out a
simulated driving task.

Both stress and fatigue affect the person’s performances and they represent relevant factors in�uencing
the occurrence of human’s inadequate behaviour which may generate potential health risk during the
common daily life activities, the workloads or the tasks based on continuous human-machine
interactions.

To recognize the stress states, the stimulus perception and the stress response in the human subjects has
to be identi�ed (Seo S.-H. and Lee J.-T., 2010). Blanco et al. (2019) analysis alfa, beta and teta EEG
signals in persons subjected to different cognitive stress states. The authors applied Stroop-type color–
word interference tests and concluded that variations in signals appear immediately after the beginning
of stress stimuli. Besides, the analysis of signals coming from different electrodes seems to guarantee
more reliable results.
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In the case of threatening conditions, the human brain stimulates several neural circuits to activate its
resilience and maintain physiological integrity even in the most unfavourable situations. Psychological
and physical stresses, called stressors, involve different parts of the nervous system, whose changes
appear distinctly in the traces of brain activities. Besides, it has been veri�ed that the stressors may be
perceived in an anticipatory manner if the subject has been exposed already to similar stresses due to the
increasing of predictability (Koolhaas et al., 2011). Furthermore, people who reveals high levels of anxiety
seem to have more control over stress reaction and greater use of processing resources than people with
low anxiety (Savostyanov et al. 2009). This concept is linked to the applications of BCI technologies in
safety concerns where the user can react quickly to the stimulus with respect to the machine in based on
his experience and anxious state. However, the consequences of stress may be agitation, fatigue, and
fear. The incapacity to work with stress represents a risk factor in most of activities in�uencing persons’
mortality as an example in the transportation sector. According to Boada-Grau et al. (2012), driver stress
and fatigue appear to be one of the major causes for road tra�c accidents.

Despite the broad consensus among researchers to assert the reliability of EEG acquisition to analyse the
event-related potential in brain activity, the works in literature also present some limitations. In general,
they include relatively brief EEG tracings, which might have lower sensitivity than longer monitoring in
determining participant’s reactions. It is also veri�ed that EEG electrode placement affects signi�cantly
the sensitivity and reliability of data acquisition but it is real both in short EEG recordings and in extended
monitoring (Michel & Brunet, 2019). The experiments and the results of the test cases are subject-
dependent and also the variability of trails in term of time and participants’ skills make often necessary,
for BCI researchers, to collect large set of data or to repeat large set of different monitoring sessions.
Furthermore, the time-consuming process of training and model calibration limits the e�ciency of BCI
application for many use cases (Abiri et al.,2019).

Driver’s emotion detection by EEG signal
EEG signal analysis can refer to the human-in-the-loop control, which combines the human operator’s
cognitive reaction with the surrounding physical and mechanical environment. This concept may be
relevant in the BCI driving system, estimating driver intentions in simulating braking (Kim et al., 2015),
tra�c lights recognition (Khaliliardali et al.,2015), or identi�cation of turning direction (Zhan et al., 2013)
during driving session. Recent studies investigated the EEG signal in the driving assistant systems in
order to identify error-related brain activities (Zhang et al., 2015). Usually human errors affect the correct
use of the interacting machine and the analysis of the brain functions may be used to regulate the target
direct behaviour.

In stressful conditions, when an unexpected event happens, the subject has to react quickly to avoid
threatening scenarios. In this context, the real-time detection of users’ fear/stress may be crucial for
improving safety in the different operative work sessions, as emergency control room, driving vehicles or
aviation. In the literature, the biometric data such as Heart Rate (HR) or Breathing Rate (BR) are used to
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identify the level of stress in driving situations (De Nadai, 2015). In general, a person subject to external
stimuli re�ects the emotions in variations in his/her brain waves called evoked potentials (VEP) (Hashemi
et al., 2014). More recently, special attention has been given to the prediction of driver’s emotional states
during driving performances by EEG brain signals recognition (Hajinoroozi, et al., 2016). Kohlmorgen et
al. (2007) de�ned a workload detector which aimed at quantifying the metal stress for drivers operating
under real tra�c conditions and, according to it, at regulating the interaction with the car’s system.

Haufe et al.(2011) proposed driver’s test to identify EEG potentials prediction in emergency braking during
simulated driving. They observed a signi�cant event-related association among EEG signals and the
critical tra�c situation.

Lin et al. (2005) estimated the relationship between the EEG spectrum and driver’s alertness in a virtual-
reality-based driving simulator. Li et al., (2012) analysed EEG data to determine an indicator for driver
fatigue and the minimum number of electrodes to be used for the analysis. To detect fatigue in drivers, in
Jap et al. (2009), the authors used EEG to analyse alpha, beta, delta e theta activities during a
monotonous driving session and the results demonstrated stable delta and theta activities over time, a
minor reduction of alpha activity, and a signi�cant decrease of beta activity. Besides, Larue et al, (2011)
evaluated the driver vigilance performance as effect of the vision of a monotonous road. Their study
demonstrated that the invariability of the environment in terms of characteristics of the travelled road is a
factor that may decrease the drivers alertness. Balandong et al. (2018) determined that alpha wave
�uctuations may re�ect the intensi�cation of mental effort to maintain vigilance while the beta wave is
associated to high alertness and arousal. Kar et al. (2010) analysed the fatigue in human drivers in real
and simulated scenarios evaluating the entropy values in the wavelet domain.  They concluded that the
parameters varied in the same manner in respect to simulated or actual driving conditions. 

Throughout the related literature, several studies have been dedicated to the EEG responses due to
acoustical and visual external stimulations on the cortical EEG. Haak et al., (2010) detecting eye blink
frequency in brain activity using EEG in a car driving simulations �ltering the frequencies between 2 Hz
and 40 Hz. The tests were conducted by introducing stressful emotions to the participants, through
straight and curvy roads and with and without billboards during the driving sessions. They noticed strong
correction between the EEG signals and the visual stimuli during the tests. In the work of Sonkusare et al.
(2020), the authors monitored the stereo-electroencephalography (SEEG) of the drivers to explore the
reactions of the temporal pole of the brain. They founded out that the stimuli generated by pictures,
music and movies affected the theta-alpha frequency range. Zero et al., (2019) con�rmed the correlation
between drivers’ brain activities associated to alpha waves under two different situations: during the
participant’s exposition to unexpected acoustic alarm and during visual external events in driving
sessions. Kathaus et al. (2020) tested the effect of acoustic and visual stimuli on braking response in car
drivers with different ages. The participants had to react to the brake lights in the preceding car, while,
contemporary, different secondary stimuli generated by two loudspeakers or by sign on the screen were
applied. They concluded that stimuli during a workload task affect the braking performances of the
drivers and that visual external event had a greater distraction effect than acoustic stimuli.
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Due to the importance of emotions in human-machine interaction (Du et al., 2020) and, in particular, in
manual or automated driving, the present study aims at showing how stress affects the performance of
drivers and examining the effects of emotions on their EEG signals, in two simple simulation scenarios.

In this paper, the speci�c risky situations related to a driver who carries out the driving task in complex
scenarios are presented and explored.

In this context, the paper focuses on the possibility to consider the HaaS paradigm. The purpose is
twofold. Firstly, it is crucial to understand how the human may be represented as a sensor in order to
detect his/her emotions and observations generated by the physical world in which he is inserted and in
which he is acting during the driving simulations. The second one is to be able to create a classi�er that
allows to identify the patterns associated to the data acquired by the human brain and to link them to
external events which the human is subjected to during the experiments. In order to correctly adopt the
user as a sensor, the �rst set of experiments are carried out involving the participant in a BCI system by
different driving tests where he/she have to manage di�cult tasks. Besides, another experiment, focusing
on the emotions identi�cation, examines the interaction between external stimulation and ongoing brain
activity in order to identify human response to unexpected visual events. The power spectrum analyses
have been realized by a supervised machine learning technique which aims to build a reliable model that
separates data into a distinct number of classes in order to identify the different patterns associated to
the events and to the related human reactions. These approaches represent the basic steps to integrate
the human in the more complex hardware and software architecture able to support the human machine
interaction in the framework of the automotive context.

Methods
In the proposed work, two sets of different experiments were conducted to collect and analyse the
participants’ EEG signals. A �rst set is dedicated to the drivers’ behaviour monitoring in a simulated
virtual driving scenario to investigate the driver’s reaction when external stimuli are presented. The second
set of tests is related to analyse brain wave changes in the EEG when the participant is subjected to
external visual stimuli consisted in intermittent lights generated on the right and left sides of the �eld of
view.

The main purpose is to demonstrate that the participant’s brain activities may lead to enhance the
information available to the machine. The motivation is relevant to manage the human-machine
interactions in order to improve the overall system performance, above all, in industrial dangerous
situations or when critical tasks are performed, such the automated guidance of a transport vehicle.

Data Recording by EEG—Enobio Cap
For EEG recording an Enobio Cap (Fig. 1) has been used with eight electrodes located according to the
International Standard System 10/20 (Fig. 2). The brain areas are divided with our EEG cap in:
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Frontal lobe: channel 6, channel 7 and channel 8

Parietal lobe: channel 3, channel 4 and channel 5

Occipital lobe: channel 1 and channel 2

EEG Enobio cap consists of dry electrodes which have to be applied directly on the skin of the head. The
EEG cap is connected to the PC through the NECBOX, a Bluetooth device situated behind the cap. This
device stores and collects the data in order to elaborate off-line statistical analysis.

The EEG records the brain activity showing the areas where the electrical activities are perceived and
identify the wave brain patterns related to different frequencies (Fig. 3):

The technical speci�cations of the EEG Enobio cap are:

Bandwidth 0 to 125 Hz,

Sampling rate 500 SPS

Resolution 4 bits—0,05 microvolts.

DRIVING TEST SESSIONS
In the �rst set of experiments, an electroencephalogram (EEG)-based Behaviour Control System (EEG-
BCS) to monitor and control the human behaviour in driving environment is presented. The proposed
EEG-BCS consists of two main subsystems which interact and cooperate: the simulation driving
environment subsystem and a second subsystem dedicated to the EEG signal acquisition. The latter
system consists of the Enobio Cap for EEG acquisition to monitor humans’ cognitive states and
emotional processes, whereas the virtual environment system provides the users with the realistic driving
scenarios for the test sessions.

The OKTAL driving simulator has been adopted to provide the participants with a virtual driving setting
and realistic tra�c conditions. By the EEG-BCS, the following driving test sessions have been performed
to detect:

DRIVER TEST 1: EEG activity variations when the driver is in situations at risk of accident generated
by unexpected acoustic stimuli;

DRIVER TEST 2: driver’s stress due to near miss accidents created by braking emergency situations;

DRIVER TEST 3: correlation between the EEG signals and the presence of curves on the path during a
driving session.

In the �rst and second driving tests regarding unexpected events, the driver did not know what might
happen during the session, as the goal of this simulation was to understand how the brain reacts to
unexpected events. On the other hand, in the third test, the driver could see the road as the goal was to
understand relationships between the curves on the path and the EEG signals.
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The proposed EEG-BCS consists of different interacting components (�g. 4):

The EEG cap with eight electrodes to record EEG signals.

Driver Simulator realized by the Scaner Studio 1.2 software provided by OKTAL.

Elaboration data module.

The proposed EEG-BCI system allows collecting the main characteristics of the EEG signals synchronized
with the speci�c features of the simulator module (�g. 5). OKTAL creates realistic virtual scenarios
incorporating roads and setting libraries dedicated to tra�c situations, weather conditions or vehicle
dynamics. The EEG-BCI system can detect abnormal value trends in the brain activity while the current
information about automotive driving session are acquired and stored to carry out the analysis.

Driving simulator scenarios
The OKTAL simulator provided the users with the virtual driving environment. The OKTAL platform by the
SCANeR Studio software offers tools and models which create realistic virtual scenarios addressing
automotive and transport simulations. The users can de�ne the road and infrastructures characteristics,
different kinds of vehicle to be used, tra�c, vehicles and pedestrians behaviours. The simulator
comprises a video screen, a seat, a steering wheel and the pedals. The system can also detect the angle
of the steering wheel and the pedal pressure applied by the driver’s. At the end of the test drive, the system
collects the information about the simulation in a text �le.

Experimental set up in virtual driving environment
Driving data come from three participants, with driving license, of different ages, ranging from 29 to 50
years of age.

The Driver Test 1 has been performed in a virtual driving environment, showed on the screen, while the
driver was subjected to unexpected acoustic disturbances. For 15 minutes, the driver conducted a car in a
highway route at a speed of 80 km/h in the slowest lane, while, in the adjacent lanes, other vehicles,
arti�cially-induced and managed automatically by the simulator, are travelling. Fig. 6 shows the screen
available for the driver in the simulated session during which the participant, who is wearing the EEG cap,
drives while sitting on a common chair (�g.7). In each test, a high intensity sound has been randomly
produced, between 5 and 10 minutes from the beginning of the test, for three seconds behind the driver’s
head, meanwhile the driver was driving. After the external event applications, the driver is monitored for 5
minutes to detect his performances and the possible brain activity changes in his EEG.

The Driver Test 2, related to the detection of driver’s braking intention in critical situation, is 1 minutes
long. The driver conducted a car in a simulated urban two lane route and the speed was held constant at
50 km/h in the slowest lane. During the simulation, a pedestrian preceded the car, walking on the right
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roadside. When the car was 20 m. far from the pedestrian, the latter crossed unexpectedly the route
outside the crosswalk.

The simulation consists of evaluating the driver’s behaviour when forced to immediate push the brake
pedals and move the steering wheel to avoid the investment. The EEG signals of the driver have been
monitored during the overall simulation to identify, in the waves frequency alterations, the reaction and
the braking action in the proposed dangerous situation. The special focus of this task is to detect the
cerebral activity as prediction of the driver’s behavioural response.

The third simulation, the Driver Test 3, the bend route test, was 6 minutes long and it is performed taking
into account a �gure eight route which consists of two circular paths that intersect at a tangent point (Fig.
8). In each test, the driver conducted a car in the proposed circuit at a speed of 50 km/h in the slowest
lane for 5 laps. The objective of this test is to recognize, in the EEG signals, the driver’s perception of the
right and left curves during the driving session.

All the proposed simulations have been performed during daylight hours and with stable weather
conditions.

VISUAL STIMULI TEST SESSION
The second set of experiments is carried out to detect the correlation between the EEG signal and the
human reaction to visual stimuli during a common workload. The tests aimed at identifying the effects, in
the frequency spectrum of the EEG, when the participant is stressed by visual disturbances produced by
two intermittent lamps, located on the extreme right and left side of the visual �eld, which are switched on
and off randomly.

EEG recordings were then aligned to the stimuli generation during the simulation according to a
preliminary elaboration of data phase. The light bulbs system is an original system composed by (Fig.
10):

AptoFun 2 channels 5V Relay-Interface-Board

Raspberry pi 3 - control unit

USB - TTL converter

The control unit realized by the Raspberry device, installed a Linux operating system by Debian
distribution. The Raspberry was connected by USB to a personal computer to manage, randomly, by a
python script, the lamps which are continuously switched on/off.

Experimental set up in visual stress test
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In the last simulation, the participant was positioned on the chair in front of a desk. The participant was
asked to sit still and watch in front. Two lamps were located in extreme points of a desk, in the left and
right sides. The simulation consisted in generating visual disturbances to the participant, switching
on/off the lamps alternatively and randomly. Each switch lasted at minimum of 7 seconds while the total
experiment was 5 minutes long. The human tester should have turned the head towards the lit lamp for
the duration of the light and come back in the baseline position when the light switched off. There was a
break of about 5 sec between consecutive lighting simulations.

Elaboration data module
The software NIC, produced by Enobio for EEG signals’ acquisition, visualizes the data by the EEG cap
both in time and in the frequency domain for a preliminary analysis. The embedded signal-processing
module provides the possibility to export the EEG signals in the speci�c format data and the related
analyses may be performed in Matlab.

The EEG data have been differently processed according to the test simulations:

For the two driver test sessions, DRIVER TEST 1 and 2, the EEG power spectrum analysis in the alpha
frequency band has been performed.

For the third driver test, DRIVER TEST 3, and for the visual stimuli test, following an EEG power
spectrum transformation in the alpha frequency band, a Fine Gaussian Support Vector Machine
(SVM) approach has been carried out. To implement the algorithms, the overall data given by the
subjects’ tests are used to train the model, while the set related to just one participant is used in the
validation phase.

Before applying the analysis, the EEG signal was �ltered using band-pass �lter between 49 and 51 HZ to
delete the noise of the power network present in the laboratory. For each test, a correlation analyse
between all the 8 channels was performed to reduce the numbers of the channels used in the algorithms.

Power spectrum analysis
In the proposed analysis, the wavelet transform is used for the spectrum analysis. The continuous
wavelet is a powerful tool using to analyse the non-stationary signals. This method guarantees better
performances in a time–frequency analysis in respect to the more traditional short time Fourier transform
(STFT) especially in the signals features whose frequency grows rapidly. The following continuous
wavelet transform has been used:

ψ̂sω = e1–11-sω-μ2/σ21μ-σs,(μ+σ)s (1)

where 1μ-σs,(μ+σ)s is the indicator function for ω
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μ is a parameter de�ned in [3,6], while σ in [0.1, 1.2]. If the value of σ is large, the (1) produce a wavelet
with better time location than frequency location, by contrast with small values of σ, the (1) produce a
wavelet with better frequency location. In our study the values for the parameter μ and σ were respectively
5 and 0.6.

Support Vector Machine
In the Driver test 3 and in the visual external stimulus test, according to Garcia et al. (2003), we
implemented a SVM model because it represents a useful approach to classify EEG signals
corresponding to imagined motor movements.

In the Driver Test 3, the class label α has been assigned to the angles, in radians, subtended by the curves
of road proposed in the eight course simulated scenario. The following table shows the value
assignments according the amplitude of the angles curves.

Table I. Classi�cation of curves in the eight road �gure 

Radian of the curve

(rad)

Class label α

Angle <-0.8      2

-0.8<Angle < 0.8  0

Angle > 0.8  1

To interpreter the data, also in the Visual Stimuli Test Session, a classi�cation of the possible subject’s
movement reactions has to be introduced. Three class labels β are de�ned and the values 0, 1 and 2 have
been associated, respectively, to baseline, right and left position of the participant’s head when the
stimulus is applied during the simulation.

Results
The EEG signals were recorded by the Enobio Cap during the overall tests. The signals have been
analysed for speci�c electrodes according to the brain regions mainly involved in the different tasks.

For the Driver Test 1 and Driver Test 2, the alpha waves coming from the parietal lobe, with special
reference to channel 5, have been examined.

For the Driver Test 3 and in the Visual Stimuli Test Session, EEG was recorded from two scalp sites, in the
parietal lobe, by channel 3 and channel 4.

Driver scenario simulator
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In the Driver Test 1, related to the unexpected acoustic event during the driving performance, the driver
has been monitored for 15 minutes. At the minute 9 of the simulation task, the driver has been subjected
to the unexpected acoustic stimulus. Fig. 13 shows the time domain signal �ltered in the alpha waves for
one participant.

The driver’s reaction is evident in the alpha waves variation highlighting a temporal correlation with the
stimulus.

The same results is obtained by the analysis of the wavelet transform. In detail, in the relative alpha
activity plotted for a time window of 40 seconds (Fig. 14) centred at the instant of the stimulus
generation, the wavelet transforms highlights a signi�cant variation in EEG signals.

In the Driver Test 2, the detection of driver’s braking intention in critical situation test, the simulation is
analysed for 1 minute. This time window, which represents the period in which the subject is performing
the driving task, is located after the start of the simulation and it contains the participant’s feedback
presentation. Also in this case, the results are related to the subject who mostly reacts to the proposed
test session.

The pedestrian crosses the route unexpectedly after 44 seconds from the beginning of the simulation.
The proposed event generates a variation which is evident in the time and frequency domain (Fig. 15)
where the �ltered signal reaches the peak at 55895.3 microvolts at the 45th seconds. In Fig. 16, the
in�uence to the signal energy appears in the scalogram, the two-dimensional wavelet energy density
function. The main intense reaction (in yellow) appears some instants after the critical event.

In the driver test 3 the set of the overall samples coming from the three participants has been processed
contemporary. Data set obtained from the experiments consisted in 732.503 samples.

Table II shows the input data set for the training phase. In the validation phase, only one subset of
experiments, related only to one participant, has been processed and it consisted on 159.001 recorded
input data, not used for training. In the Table III, the percentage of samples for classes is displayed. This
data are used to evaluate our SVM model.

Table II. Dataset for the training phase in Driver test 3.

Class lebel α 0 1 2 Total
Total samples 281.095 227.307 224.101 732.503

Percentage of samples for classes 38,3% 31% 30,6% 100%

 
Table III. Dataset for the validation phase in Driver test 3.

Class lebel α 0 1 2 Total
Total samples 62465 49431 47105 159001

Percentage of samples for classes  39% 31% 30% 100%
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In the training phase, the SVM classi�es the input samples according to the class labels. The SVM
classi�er, generated from the training data, is then applied to the validation set of data in order to predict
the belonging of samples to the classes.

The Gaussian Kernel Function, with scale parameter equal to 0.43, has been applied for pattern
recognition.

A more detailed analysis may presented by the confusion matrix which indicates the user’s accuracy
which means the probability that our model predicts correctly the probability that data belongs to the
correct class. Each column of the matrix A, in the top of Fig. 17, represents the predicted values, while
each row represents the real values. The element on row i and column j represents the number of cases in
which the classi�er has associated the class “true” i to the class j. The samples that have been correctly
classi�ed are indicated on the diagonal of the matrix A. The matrix B, in the bottom of the Figure 17,
includes the positive and the false predictive values for the three classes. The probabilities to obtain a
positive classi�cation for the classes (0,1,2) are respectively 51.1%, 39% and 33,5%.

To identify the Producer Accuracy that is the classi�cation quality of the proposed model, the Figure 18
displays the confusion matrix related to the validation data: the matrix 3x2 C, in the last two columns of
the �gure, indicates, respectively, the true positive and false positive rate for the classi�er. With the
acronyms PPV and FPV are indicate respectively the Positive Predictive Value and the False Predictive
Value.

The Producer Accuracy represents the detection rates of the SVM that is the effectiveness of the
proposed method. In the presented experiments, the true positive detection rates (TPR) is the probability
to identify the correct movement of the tester when it perform a right/left curves by car on a simulated
scenarios. In particular, there is 56.3% of probabilities to detect the driver’s intention to turn the steering
wheel, performing curves, with an angle <–0.8 rad and more than 61% to detect a curvilinear path.
Besides, the feasibility of our proposed method is veri�ed by an improved correlation, R = 0.1824,
between predicted and observed data (p-value = 0).

Visual external stimulus test
The visual external stimulus test, as in the previous case, involved three participants.

Table IV shows the input data set for the training phase where the total experiments consisted in 527.406
samples. Table V represents the singular percentages of data associated to the three classes,
respectively, to baseline, right and left movements of the participant’s head. In the validation phase, only
the data coming from the participant 1’s has been processed.

Table IV. Dataset for the training phase in visual external stimulus test.
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Class label β 0 1 2 Total
Partecipant 1 109879 27195 40943 178017
Partecipant 2 88751 22264 38775 149790
Partecipant 3 119738 46413 33448 199599
Total samples 318368 95872 113166 527406

 

Table V. Percentage of samples related to the classes for each participant in the visual external stimulus test.

Class label β 0 1 2 Total
Partecipant 1 62% 15% 23% 100%
Partecipant 2 59% 15% 26% 100%
Partecipant 3 60% 23% 17% 100%
Total samples 60% 19% 21% 100%

In the Fig. 19, the EEG signal for the participant 1, selecting the channel 3, �ltered in the alpha waves, is
shown in respect to the lighting stimulus generation.

In this fourth test, the aim was to identify a correlation between the EEG signal and the detection of the
participant’s head movements toward the left or right triggered by the left or right light switching on
respectively.

As expected from the literature (Piroska et al. 2018), alpha bands achieved the best discrimination in the
speci�c movement detection. By Figure 19, the alpha phase, which identi�es the subject’s head
movements, seems to be more sensible when the light was �ashed on opposite side consecutively, with
respect to the continuous stimulus on the same side. Also in this case, a more detailed analysis has been
performed by a Fine Gaussian SVM model. A Kernel Function with parameter of scale equal to 0.43 has
been applied to the trials to classi�ed the time-based features. Figures 20 and 21 represent the results for
the evaluation phase. In the Figure 20, which displays the confusion matrix associated to user’s accuracy,
it is possible to read that the probabilities to obtain positive classi�cations for the classes (0,1,2) are
respectively 72.6%, 89.3% and 79.9%. In the Figure 21, the detection rates related to the producer accuracy
are 95.9% for class “0”, 57.0% for class “1” and 31.8% for class “2”. It is evident that only the baseline
position of the tester may be detect by the classi�er with a relevant probability. This is due to the fact that
numbers of features related to baseline position is larger than the samples of the other two classes.
Unfortunately, it depends on the developments of the experiments in which the participant had to come
back to the baseline position after the detection of each stimulus.

Conclusion
Despite the relevant amount of work on the subject, using EEG data to use human as a sensor is still a
challenging task. From our experiments which were simple and non-invasive, as required by a work
environment, the results show that electrical brain activity can be lightly correlated in a true context
environment of HaaS.

Speci�cally, we have shown that generally alert signals can be e�ciently detected by EEG and so related
to a behaviour at risk, more complex tasks as the recognition of right/left turning command while driving
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can be just lightly related to EEG. Besides, in this paper, we have just applied standard machine learning
techniques as available from common tools as Matlab, and some further investigation should be devoted
to modify and adapt such algorithms more speci�cally to understand human behaviour and feelings
from EEG.

Moreover, several testing conditions can be enhanced, such as using sensors with gel to improve signal
acquisition, remove every source of electrical noise in the environment, limit the movement of the human
etc… But at the same time, such better conditions can be hardly used in an industry or in a dynamic
working environment such as driving. In addition, there is still a quite wide set of approaches where
several often over�tting variables can be observed and analysed, from the different channels to the
different traditional and innovative analysis techniques. Despite such considerations, some positive
evidence of the possibility to use the human in the loop of a control process in a non-invasive noisy
working environment has been shown in our experiments. “Fear” and probably other emotions can be
detected. The hard task is now to show the right approach to enhance them.

Declarations
The datasets used and/or analysed during the current study are available from the corresponding author
on reasonable request.

The authors declare that they have no competing interests.

The authors received no speci�c funding for this work.

Each author contributed equally to the conception and to design of the work.

References
Abiri, R., Borhani, S., Sellers, E. W., Jiang, Y., & Zhao, X. (2019). A comprehensive review of EEG-based
brain–computer interface paradigms. Journal of neural engineering, 16(1), 011001.

Al-Nafjan, A., Hosny, M., Al-Ohali, Y., & Al-Wabil, A. (2017). Review and classi�cation of emotion
recognition based on EEG brain-computer interface system research: a systematic review. Applied
Sciences, 7(12), 1239.

Al-Qazzaz, N. K.; Sabir, M. K.; Ali, S. H. B. M.; Ahmad, S. A.; Grammer, K. Electroencephalogram Pro�les for
Emotion Identi�cation over the Brain Regions Using Spectral, Entropy and Temporal
Biomarkers. Sensors 2020, 20, 59.

Angrisani, L., Arpaia, P., & Casinelli, D. (2017, September). Instrumentation and measurements for non-
invasive EEG-based brain-computer interface. In 2017 IEEE International Workshop on Measurement and
Networking (M&N) (pp. 1–5). IEEE.



Page 19/39

Attia, M., Hettiarachchi, I., Mohamed, S., Hossny, M., & Nahavandi, S. (2018, October). A frequency domain
classi�er of steady-state visual evoked potentials using deep separable convolutional neural networks.
In 2018 IEEE International Conference on Systems, Man, and Cybernetics (SMC) (pp. 2134–2139). IEEE.

Avvenuti, M., Cimino, M. G., Cresci, S., Marchetti, A., & Tesconi, M. (2016). A framework for detecting
unfolding emergencies using humans as sensors. SpringerPlus, 5(1), 1–23.

Blanco JA, Vanleer AC, Calibo TK, Firebaugh SL. Single-trial cognitive stress classi�cation using portable
wireless electroencephalography. Sensors 2019;19(3):499.

Boada-Grau, J.; Sanchez-Garcia, J. C.; Prizmic-Kuzmica, A. J.; Vigil-Colet, A. Health and safety at work in
the transport industry (TRANS–18): Factorial structure, reliability and validity. Span. J. Psychol. 2012, 15,
57–366.

Busogi, M., & Kim, N. (2017). Analytical modeling of human choice complexity in a mixed model
assembly line using machine learning-based human in the loop simulation. IEEE Access, 5, 10434–
10444.

Campisi, P., & La Rocca, D. (2014). Brain waves for automatic biometric-based user recognition. IEEE
transactions on information forensics and security, 9(5), 782–800.

Chen, G., Zhang, X., Sun, Y., & Zhang, J. (2020). Emotion Feature Analysis and Recognition Based on
Reconstructed EEG Sources. IEEE Access, 8, 11907–11916.

Cameron M. A., Power R., Robinson B., J. Yin, “Emergency situation awareness from twitter for crisis
management”, Proceedings of the 21st international conference companion on World Wide Web ser.
WWW ’12 Companion, pp. 695–698, 2012

Deogade, S. S. (2018). A Survey of Human-Sensing Methods for Detecting Presence and Identity. 2018
IJSRSET | Volume 4 | Issue 8 | Print ISSN: 2395–1990 | Online ISSN: 2394–4099

De Nadai S., Benza M., D’Incà M., Parodi F. and Sacile R., “A system of systems approach to evaluate at-
risk human behaviour in the transport by road,” 2015 IEEE International Symposium on Systems
Engineering (ISSE), Rome, 2015, pp. 212–215.

Du, N., Zhou, F., Pulver, E., Tilbury, D. M., Robert, L. P., Pradhan, A. K., & Yang, X. J. (2020). Examining the
Effects of Emotional Valence and Arousal on Takeover Performance in Conditionally Automated
Driving. arXiv preprint arXiv:2001.04509.

Ferreira, A., Celeste, W. C., Cheein, F. A. et al. Human-machine interfaces based on EMG and EEG applied
to robotic systems. J NeuroEngineering Rehabil 5, 10 (2008). https://doi.org/10.1186/1743–0003–5–10.

Garcia G. N., Ebrahimi T. and Vesin J., Support vector EEG classi�cation in the Fourier and time-frequency
correlation domains, First International IEEE EMBS Conference on Neural Engineering, 2003. Conference

https://doi.org/10.1186/1743-0003-5-10


Page 20/39

Proceedings., Capri Island, Italy, 2003, pp. 591–594.

Haak, M., Bos, S., Panic, S., & Rothkrantz, L. J. M. (2009). Detecting stress using eye blinks and brain
activity from EEG signals. Proceeding of the 1st driver car interaction and interface (DCII 2008), 35–60.

Hajinoroozi, M., Mao, Z., Jung, T. P., Lin, C. T., & Huang, Y. (2016). EEG-based prediction of driver’s
cognitive performance by deep convolutional neural network. Signal Processing: Image Communication,
47, 549–555.

Hashemi, A., Saba, V., & Resalat, S. N. (2014). Real Time Driver’s Drowsiness Detection by Processing the
EEG Signals Stimulated with External Flickering Light. Basic and clinical neuroscience, 5(1), 22–27.

Haufe, S., Treder, M. S., Gugler, M. F., Sagebaum, M., Curio, G., & Blankertz, B. (2011). EEG potentials
predict upcoming emergency brakings during simulated driving. Journal of neural engineering, 8(5),
056001.

Heart�eld R., Loukas G., “A taxonomy of attacks and a survey of defence mechanisms for semantic
social engineering attacks”, ACM Computing Surveys (CSUR), vol. 48, no. 3, pp. 37, 2016.

Jap, B. T., Lal, S., Fischer, P., & Bekiaris, E. (2009). Using EEG spectral components to assess algorithms
for detecting fatigue. Expert Systems with Applications, 36(2), 2352–2359.

Jenke, R., Peer, A., & Buss, M. (2014). Feature extraction and selection for emotion recognition from
EEG. IEEE Transactions on Affective Computing, 5(3), 327–339.

Jeunet, C. (2013). Real time estimation of stress using electro-encephalography. Masters Thesis in
Cognitive Sciences. INRIA.

Kar, S., Bhagat, M., & Routray, A. (2010). EEG signal analysis for the assessment and quanti�cation of
driver’s fatigue. Transportation research part F: tra�c psychology and behaviour, 13(5), 297–306.

Karthaus, M., Wascher, E., Falkenstein, M., & Getzmann, S. (2020). The ability of young, middle-aged and
older drivers to inhibit visual and auditory distraction in a driving simulator task. Transportation research
part F: tra�c psychology and behaviour, 68, 272–284.

Khaliliardali Z, Chavarriaga R, Gheorghe L A and del R Millán J 2015 Action prediction based on
anticipatory brain potentials during simulated driving J. Neural Eng. 12 066006.

Khosla, A., Khandnor, P., & Chand, T. (2020). A comparative analysis of signal processing and
classi�cation methods for different applications based on EEG signals. Biocybernetics and Biomedical
Engineering.

Kim I H, Kim J W, Haufe S and Lee S W 2015 Detection of braking intention in diverse situations during
simulated driving based on EEG feature combination J. Neural Eng. 12 016001.



Page 21/39

Kohlmorgen, J., Dornhege, G., Braun, M., Blankertz, B., Müller, K. R., Curio, G., … & Kincses, W. (2007).
Improving human performance in a real operating environment through real-time mental workload
detection. Toward Brain-Computer Interfacing, 409422.

Koolhaas, J. M., Bartolomucci, A., Buwalda, B., de Boer, S. F., Flügge, G., Korte, S. M., … & Richter-Levin, G.
(2011). Stress revisited: a critical evaluation of the stress concept. Neuroscience & Biobehavioral
Reviews, 35(5), 1291–1301.

Larue, G. S., Rakotonirainy, A., & Pettitt, A. N. (2011). Driving performance impairments due to
hypovigilance on monotonous roads. Accident Analysis & Prevention, 43(6), 2037–2046.

Li, W., He, Q. C., Fan, X. M., & Fei, Z. M. (2012). Evaluation of driver fatigue on two channels of EEG
data. Neuroscience letters, 506(2), 235–239.

Lin, C. T., Wu, R. C., Jung, T. P., Liang, S. F., Huang, T. Y.: Estimating Driving Performance Based on EEG
Spectrum Analysis. EURASIP Journal on Applied Signal Processing 19, 3165–3174 (2005)

Lin, C. T., Wu, R. C., Liang, S. F., Chao, W. H., Chen, Y. J., Jung, T. P.: EEG-based drowsiness estimation for
safety driving using independent component analysis. IEEE Transactions on Circuits and Systems I. 52,
2726–2738 (2005)

Maria, E., Matthias, L., & Sten, H. (2019). Emotion recognition from physiological signal analysis: a
review. Electronic Notes in Theoretical Computer Science, 343, 35–55.

Mehmood, R. M., & Lee, H. J. (2016). A novel feature extraction method based on late positive potential
for emotion recognition in human brain signal patterns. Computers & Electrical Engineering, 53, 444–457.

Michel, C. M., & Brunet, D. (2019). EEG source imaging: a practical review of the analysis steps. Frontiers
in neurology, 10, 325.

Mohammadpour, M., Hashemi, S. M. R., & Houshmand, N. (2017, April). Classi�cation of EEG-based
emotion for BCI applications. In 2017 Arti�cial Intelligence and Robotics (IRANOPEN) (pp. 127–131).
IEEE.

Mühl, C., Jeunet, C., & Lotte, F. (2014). EEG-based workload estimation across affective contexts. Frontiers
in neuroscience, 8, 114.

Paszkiel, S. (2020). Analysis and Classi�cation of EEG Signals for Brain-computer Interfaces. Springer.

Piroska H., and Janos S., “Speci�c Movement Detection in EEG Signal Using Time-Frequency
Analysis,” 2008 First International Conference on Complexity and Intelligence of the Arti�cial and Natural
Complex Systems. Medical Applications of the Complex Systems. Biomedical Computing, Targu Mures,
Mures, 2008, pp. 209–215.



Page 22/39

Rahman S. S., Heart�eld R., Oliff W., Loukas G. and Filippoupolitis A., “Assessing the cyber-
trustworthiness of human-as-a-sensor reports from mobile devices,” 2017 IEEE 15th International
Conference on Software Engineering Research, Management and Applications (SERA), London, 2017, pp.
387–394.

Rani P., Sarkar N., Smith C. A. and Adams J. A., “Affective communication for implicit human-machine
interaction,” SMC’03 Conference Proceedings. 2003 IEEE International Conference on Systems, Man and
Cybernetics. Conference Theme - System Security and Assurance (Cat. No.03CH37483), Washington, DC,
2003, pp. 4896–4903 vol.5, doi: 10.1109/ICSMC.2003.1245758.

Roman-Gonzalez A. EEG Signal Processing for BCI Applications. Human - Computer Systems Interaction:
Backgrounds and Applications 2, Advances in Intelligent and Soft Computing, 2012, 98 (1), pp.51–591.

Sakaki, M. Okazaki, Y. Matsuo, “Earthquake shakes Twitter users: real-time event detection by social
sensors”, Proceedings of the 19th international conference on World wide web ser. WWW ’10, pp. 851–
860, 2010.

Savostyanov, A. N., Tsai, A. C., Liou, M., Levin, E. A., Lee, J. D., Yurganov, A. V., & Knyazev, G. G. (2009).
EEG-correlates of trait anxiety in the stop-signal paradigm. Neuroscience Letters, 449(2), 112–116.

Seo, Ssang Hee & Lee, Jung-Tae. (2010). Stress and EEG. In book: Convergence and Hybrid Information
Technologies

10.5772/9651.

Sonkusare, S., Nguyen, V. T., Moran, R. J., van der Meer, J. N., Ren, Y., Koussis, N., … & Guo, C. (2020).
Intracranial-EEG evidence for medial temporal pole driving amygdala activity induced by multi-modal
emotional stimuli. bioRxiv.

Sträter, O. (2005). Cognition and Safety. London: Routledge, https://doi.org/10.4324/9781315260006.

Thanapattheerakul, T., Mao, K., Amoranto, J., & Chan, J. H. (2018, December). Emotion in a century: A
review of emotion recognition. In Proceedings of the 10th International Conference on Advances in
Information Technology (pp. 1–8).

Trejo, L., Kubitz, K., Rosipal, R., Kochavi, R. & Montgomery, L. (2015). EEG-Based Estimation and
Classi�cation of Mental Fatigue. Psychology, 6, 572–589.

Wang D, Amin MT, Li S, Abdelzaher T, Kaplan L, Gu S, Pan C, Liu H, Aggarwal CC, Ganti R et al (2014)
Using humans as sensors: an estimation-theoretic perspective. In: Proceedings of the 13th international
symposium on information processing in sensor networks, pp 35–46. IEEE Press.

Wei, C., Chen, L. L., Song, Z. Z., Lou, X. G., & Li, D. D. (2020). EEG-based emotion recognition using simple
recurrent units network and ensemble learning. Biomedical Signal Processing and Control, 58, 101756.

https://doi.org/10.4324/9781315260006


Page 23/39

Wundt, W., Principles of physiological psychology, 1873, in: Readings in the history of psychology, East
Norwalk, CT, US: Appleton-Century-Crofts., 1948 pp. 248–250.

Xiao, G., Ma, Y., Liu, C., & Jiang, D. (2020). A machine emotion transfer model for intelligent human-
machine interaction based on group division. Mechanical Systems and Signal Processing, 142, 106736.

Zareian, E., Kathpalia, V., Chen, J., & Smith, T. (2014). A cost effective approach for the practical
realisation of a demonstration platform for brain machine interface. Second International Conference on
Advances In Computing, Communication and Information Technology- CCIT 2014, 16–17 November
2014, Birmingham, United Kingdom.

Zero, E., Bersani, C., Zero, L., & Sacile, R. (2019). Towards real-time monitoring of fear in driving sessions.
IFAC-PapersOnLine, 52(19), 299–304.

Zhang, H., Chavarriaga, R., Khaliliardali, Z., Gheorghe, L., Iturrate, I., & d R Millán, J. (2015). EEG-based
decoding of error-related brain activity in a real-world driving task. Journal of neural engineering, 12(6),
066028.

Zhang, H., Chavarriaga, R., L. Gheorghe and J. d. R. Millán, “Inferring driver’s turning direction through
detection of error related brain activity,” 2013 35th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC), Osaka, 2013, pp. 2196–2199.

Zhao, S., Li, Z., Cui, R., Kang, Y., Sun, F., & Song, R. (2016). Brain–machine interfacing-based teleoperation
of multiple coordinated mobile robots. IEEE Transactions on Industrial Electronics, 64(6), 5161–5170.

Figures

Figure 1



Page 24/39

Enobio EEG cap

Figure 2

Electrode placement

Figure 3

EEG waves example
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Figure 4

Diagram of EEG-BCS in OKTAL simulation

Figure 5

The architecture proposed to identify At-risk Behaviour during driving session
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Figure 6

OKTAL simulator
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Figure 7

Driver’s position during the simulation
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Figure 8

Eight course simulated route
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Figure 9

Diagram of EEG-BCS in lights bulb simulation
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Figure 10

Light bulbs system
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Figure 11

Environmental simulation for the visual stimulus

Figure 12
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Angle curve before the classi�cation

Figure 13

EEG signal original and �ltered in alpha waves during the simulation

Figure 14

Driver Test 1. Continuous wavelet transform during the acoustic event
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Figure 15

Driver Test 2. Driver's braking intention in time domain
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Figure 16

Driver Test 2. Driver's braking intention in frequency domain
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Figure 17

Confusion matrix for User's accuracy in Driver test 3.
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Figure 18

Confusion matrix for Producer Accuracy in Driver test 3.
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Figure 19

Visual stress test. In the top, (�g. a) the EEG alfa activities while, in the bottom (�g.b), the light signals
switch on the left (class label with value 2 in the y-axe) or right (class label with value 1 in y-axe) side
during the time horizon of the simulation. Value 0 in y-axe represents lamp switched off.
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Figure 20

Confusion matrix for User's Accuracy in visual external stimulus test
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Figure 21

Confusion matrix for Producer Accuracy in visual external stimulus test


