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Artificial Intelligence System for Negative Emotional State
Recognition During Social Media Consumption
using EEG Signals

Trung-Hau Nguyen
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Abstract

In the past decade, brain—computer interface (BCI) has emerged as a
potential technology for decoding neural activities into commands by using
electroencephalogram (EEG) signals. This new technology allows paralyzed
people to communicate using their minds. The main aim of this research is to
develop a BCI system with the help of artificial intelligence to monitor their
emotional states in their daily lives. Nowadays, with the rapid development of
social media, users can suffer from mental illness and psychological disorders
due to consuming negative or horrible news. Hence, it is important to monitor
the emotional states as well as the mental health of the users during their
interaction with huge information across social media. The proposed EEG
headset consists of eight active sensors and its body was completely fabricated
with 3-D printing technique using a flexible material providing a comfortable
feeling to the users for prolonged use. Based on SSVEP and eyes-closed
signals, we validate the quality of EEG signals acquired from the proposed
headset. Then, several types of EEG features based on Fourier and wavelet
transforms were investigated. Support Vector Machine (SVM), Multilayer

Perceptron (MLP), and Convolutional Neural Network were among machine
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learning approaches that are applied in this work to explore the neural
mechanism of emotional states. Machine learning models were trained to fit
the dataset. Offline data analysis results of 14 subjects showed that the CNN
model obtains its best performance in recognizing negative emotional states
compared to SVM and MLP. Average classification accuracy of 95,8% was
obtained with 1-s window length for 14 subjects. Moreover, analysis results
showed that the best feature which reflects emotion was a frequency-point
feature. As a result, CNN in combination with frequency-point feature was
employed to build the embedded deep learning model for real-time negative
emotion recognition. Consequently, the proposed headset automatically
detects the emotional state and sends it to a smartphone for early warning of
negative news readings of the users. Hence, through this research, we
presented an intelligent embedded EEG headset that can real-time capture

negative emotion in humans and intends to apply it in real-life applications.
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Chapter 1

1 Introduction

Mental health issues have risen significantly over the last decade.
According to a U.S national survey published in the American Psychological
Association [1], one of the major reason is the rise of digital media. A sharp
increase in the number of young adults who reported experiencing negative
psychological symptoms. The direct consequence of mental depression is the
suicidal thoughts. For instance, the rate of young adults with suicidal thoughts
outcomes increased a staggering 71% from 2008 to 2017 with the serious
psychological distress. One reason for this increase may be that digital social
media has impacted on teen and young adults who spend much time daily on
surfing social media. From this research, there is a direct link between social
media and the rise in mental health disorders in teens. It is concluded that the
rise of electronic communication, digital media, and decline in sleep duration,
have a larger impact on younger people. Therefore, it is urgent and important
to monitor the mental health of social media users. This fact motivates us to
conduct this research as an attempt to early detect the depressed emotion to

prevent users from mental disorders hence reducing suicidal thoughts.

Over the last decade, a large variety of physiological signals including
heart rate, facial expression, galvanic skin response (GSR) and respiration rate
(RR) have been used to recognize different emotional states of humans [2] [5].
Alternatively, encephalogram (EEG) seems to be another promising
physiological signal which has recently emerged in the field. In particular,

EEG has been widely used in recognizing and monitoring physical conditions



or mental states of human such as drowsiness [6], [7], mental workload [8], [9]

and emotion [10] [13].

Current state-of-art EEG-based researches on emotion recognition
mostly focus on recognition of emotion with the use of video, picture-based
stimulation (using existing database of pictures and films) of the emotion. To
the best of the author knowledge, the emotion stimulation using photos
extracted from real social media news remains mostly unexplored. Therefore,

the current work may be significantly contributed to the body of knowledge.

This chapter introduces in detail the motivation, research objectives,

contribution and organization of this dissertation.
1.1 Motivation and Research Objectives

In the past decade, brain—computer interface (BCI) has emerged as a
potential technology for decoding neural activities into commands by using
EEG signals. This new technology allows paralyzed people to communicate
using their minds. The main aim of this research is to develop a BCI system
with the help of artificial intelligence to monitor their emotional states in their
daily lives. Nowadays, with the rapid development of social media, users can
suffer from mental illness and psychological disorders due to consuming
negative or horrible news. Hence, it is important to monitor the emotional
states as well as the mental health of the users during their interaction with
huge information across social media. To achieve this goal, this study follows

these steps:

Design and implement a wireless multi-channel EEG headset with
an integrated feature extraction processor and detection kernel;
Validate the quality of EEG data acquired from the proposed

headset;



Explore many different features based on both time and frequency
domains to find out the best feature in detecting emotion;

Explore several machine learning approaches for feature extraction
and classification to compare their performance;

Implement the real-time detection model for emotion recognition;
Test the proposed system with 14 subjects during offline and online

experiments.

1.2 Contributions

The current work contributes to the body of knowledge with several

aspects and they are summarized as follows:

To come up with the final goal, we start the project with the
custom-design EEG wearable headset with 8 channels. Next, the
EEG data are qualified based on the validation of SSVEP signals
and the eyes-close EEG patterns. Then the headset is employed for
experiments. To the best of our knowledge, this is the first study to
explore the emotional state of the social media users using EEG
signals;

Experimental paradigm has been carefully designed and
implemented with totally 14 subjects who are graduate students in
Daeyeon campus of Pukyong National University, Busan, Korea.
Experimental results during offline analysis demonstrated the
feasibility of the proposed idea;

Several state-of-art machine learning approaches have been
employed as the detection kernel including SVM, MLP, and CNN.

We also explored different types of EEG features based on time



and frequency domain using wavelet and Fourier transforms to find
out the best feature in terms of classification accuracy;

In the final step of the study, we aim to transform the current offline
detection kernel to an online intelligent system for real-time
recognition of emotional state in humans. The model was trained
using computer using offline EEG dataset that have been collected
in the experiments. The well-trained model in the previous step
was embedded into MCU for real-time emotion recognition. To the
best of the author’s knowledge, no real-time implementation of
CNN model has been done before in using EEG to detect emotion.
Therefore, this final step of the dissertation can be a significant
contribution to the field.

1.3 Dissertation Organization

The rest of this dissertation is organized as follows:

An introduction to EEG, BCI and literature reviews on BCI is
presented in Chapter 2, involving BCI category, EEG-based BCls, feature

extraction methods, and classification techniques.

Chapter 3 focuses on the design and implementation of the hardware
platform of the sensing device of the proposed system including analog circuit,
digital circuit, artificial intelligent firmware embedded in MCU. The
validation of EEG signals also mentioned in this chapter based on two
strategies: SSVEP and eyes-closed EEG signals.

Chapter 4 describes the emotion recognition under emergency

situation during simulated driving through braking intention.



Chapter 5 focuses on the offline analysis of negative emotion

recognition during social medial surfing.

Chapter 6 presents the implementation of the on-chip detection kernel

for real-time application.

Chapter 7 proposes future work and concludes this dissertation.



Chapter 2

2 Literature Reviews

2.1 EEG-An introduction

EEG is an electrophysiological monitoring method to record electrical
activity of the brain. There are two ways to measure the signals including non-
invasive and invasive. Originally, EEG were measured by directly insert
bunch of needles on the brain (Figure 2-1, 2-2). This invasive method requires
implanted micro-electrode into the brain or placed the electrodes in the
arachnoid during a neurosurgery. There are several types of micro electrode
with different sizes, for example, up to 1.5 mm (Blackrock Microsystems,
Utah, USA) or 10 mm (FMA, MicroProbes, USA) [14]. Generally, the EEG
signal quality obtained from this method is very high in terms of higher
amplitude, high spatial resolution, and resistance to noise. Due to the limit of
application as well as high risk during measurement of invasive method,
practically, the invasive method has been replaced by the non-invasive method
for decades. In non-invasive method, by placing electrodes along the scalp,
small potentials (i.e., the voltage fluctuations resulting from ionic current
within the neurons of the brain) were recorded. Figure 2-3 demonstrates an

EEG recording setup with bunch of electrodes placed across the scalp.
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Fig. 2-1. The micro-electrodes are placed directly into the cortex for

measuring the activity of a single neuron [14].
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Fig. 2-2. The electrodes are placed on the exposed surface of the
brain [14].



Fig. 2-3. The sensors are placed on the scalp to measure the electrical
potentials produced by the brain (EEG). This head cap is a product of Emotiv

Inc..

As shown in Figure 2-4, typical EEG signals have small amplitude of
approximately 10 ~ 100 pV which is significantly low than that of typical
electrocardiogram (ECG) signals (100 ~ 1000 pV). There are two popular
montages of EEG measurement: unipolar (measuring differential potential
between all electrodes and the common reference electrode) and bipolar
(measuring differential potential between two paired electrodes). Moreover,
non-invasive EEG signals typically are measured through hair. Therefore, one
of disadvantages of EEG is that it is very sensitive to noise. Figure 2-5 shows
the comparison among several physiological signals on human body in terms
of signal amplitude and frequency range. According to this figure, EEG

signals have a relative wide range of frequency from 0 to 100 Hz.
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Fig. 2-5. Amplitude and frequency band of bio-signal [15].

Over the past few decades, most of diagnostic applications generally
explore either the event-related potentials or the spectral content of EEG. The
EEG is typically described in terms of rhythmic activity and transients. The
rhythmic activity is divided into bands by frequency known as delta, alpha,
beta, theta, and gamma which is the majority of the EEG used in most
applications. Frequency bands are usually extracted using spectral methods.
Literatures have revealed that each frequency reflects several physical

outcomes. The comparison of EEG bands is depicted in Table 2-1.
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Table 2-1 Overviews of specific EEG frequency bands and their

associated state of consciousness [6].

EEG Bands State of Consciousness
y (above 30Hz) History of idea, Role in attentive focus, Relation to meditation
B (13-30Hz) Fully awake, Alert, Excitement, Tension
a (8-12Hz) Deeply relaxed, Passive awareness, Composed
8 (4-7Hz) Drowsiness, Unconscious, Deep tranquility, Optimal meditative state
0 (below 4Hz) Sleep, Unaware, Deep unconsciousness

Brain can be divided into lobes based on its functionality. Each
hemisphere has four lobes: frontal, temporal, parietal, and occipital (Figure
2.6). Each lobe may be divided into areas that serve very specific functions.
However, for a specific activity, several lobes together function. It depends on
the complicated relationship among those lobes. Generally, frontal lobe serves
for behavior, emotions activities, planning, problem solving, speech, body
movement, concentration, and self-awareness. Parietal lobe functions the
language processing, sense of touch, pain, temperature, interprets signals from
vision, hearing, motor, sensory and memory, and visual perception. Occipital
lobe serves for interpreting vision (color, light, movement). Finally, temporal
lobe serves for the language understanding, memory, hearing, and
organization. Therefore, it is important to select the sufficient location on scalp
for a specific application. Recent studies reported that human emotional states
are able to be strongly detected from temporal regions of the scalp [11], [13].
Therefore, in this study, we select 8 channels which are supposed to be best
positions for observing emotions: F7, F8, FT7, FT8, T7, T8, P7, and P8. Detail
about the position of lobes and electrode according to 10-20 international

system are shown in Figure 2-6.

11



Central sulcus

Parieto-occipital
sulcus

Occipital
pole

Preoccipital
notch

g +T10

(b)
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International System.
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2.2 Electroencephalogram (EEG)-based BCI systems
2.2.1 Reviews on existing EEG-based BCls
2.2.1.1 P300

The P300 wave is an event-related potential (ERP) which occurs
roughly 250 to 500 ms after the stimulus onset [16]. It is strongest captured
over the parietal lobe of the brain. The P300 is elicited during the process of
decision making. P300-based BCI systems allow users to select items
displayed on the computer screen which serve as the stimuli of this signal.
Hence, P300 provide some advantages such as minimal user training, easily to
be captured. Consequently, P300 BCIs can serve as an alternative
communication and control way beside the conventional ways. The most
popular application of P300 is the P300-based speller which provides the
specific control command to the users when they look at the corresponding

stimulus.

The typical amplitude of P300 is around 10 puV and it is affected by
the subject’s concurrent activities as well as the surrounding environment.
Another disadvantage of P300 is that the users can suffer from visual fatigue
for prolonged use since they need to concentrate on the stimulus while using

the system.
2.2.1.2 Steady State Visual-Evoked Potentials

SSVEP are the response signals of the brain to a frequency-specific
visual stimulus. The appropriate frequency range of the input visual stimulus
is between 3.5 and 75 Hz [17]. On other words, the brain is sensitive to the
light which flicks at a specific frequency belongs to that range.
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The most popular application of SSVEP signals is a SSVEP-speller
BCI. The system generates an array of visual stimuli (displayed on a screen).
In order to operate the system, the user need control his/her gaze on the
targeted stimulus. The generated potential captured on the visual cortex (i.e.,
occipital cortex) will be processed and decoded into the corresponding
command. Recent studies have achieved very fast spelling speed. Author 1 [18]
proposed a SSVEP-speller which has high spelling speed of 60 characters per
minute. A decoding method based on both amplitude and phase of the signal
was introduced. In another work [19], by using deep learning, the authors
claimed that a high accuracy of 80% across subjects for 12-class SSVEP
recognition was obtained based on both frequency and phase information of

the signal.

SSVEP is also applied in navigation applications in virtual game
navigation or real-life wheelchair control [20-22]. The advantages of SSVEP-
based BCls is fast decoding, less user’s training time resulting in high speed
of information transfer rate (ITR). Visual suffer for prolonged use of the user
is the major advantage of a SSVP-based BCI. To overcome this kind of
drawback, researchers have proposed hybrid BCls which combine different
types of BClIs together. For instance, a hybrid system combines SSVEP and
MI for gaming application was introduced in [23]. In other works, the
combined P300 and SSVEP BCI extend the number of control commands.

2.2.1.3 Slow Cortical Potential

SCP are slow event-related, direct-current shifts in EEG. It is elicited
from the large cell assemblies in the upper cortical layer. SCP occur from 300
ms to several seconds which is relative longer than other EEG activities. SCP
are event-lock signals since they are neural responses to events. Particularly,

when a visual or auditory stimulus is presented to a subject, there is a change
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in potential happened on the scalp as a creation to the stimulus. SCP-based
BCls require repeated sessions of training over weeks for the user to be able
to regulate the SCP signals. On other words, the training session requires many
trials to get an average trend of the SCP activity. Consequently, SCP-based
BCls are mostly used in slow systems. This is the major drawback of this EEG
signal. Therefore, SCP are typically used to enhance the performance of other

types of BCls in a hybrid system.
2.2.1.4 Neural Patterns

Previous sections reveal major types of EEG signals discovered by
researchers in decades. However, in the current work, we do not use these
types of EEG to discover emotional states. Instead, with the help of artificial
intelligence, we aim to explore neural patterns involving in motional states in
humans. These neural patterns can be categorized into event-related potentials
but it is referred to a hidden neural feature rather than some well-known ERP
patterns that were discovered for decades. This neural pattern involves in
many EEG channels as it contains complicated relations among channels.
Therefore, it provides both spatial and temporal information of emotional
states. For practical systems, many researchers explore emotion-involved
features based on multi-channel EEG devices. Most of these works employ a
commercial device to collect EEG data in their experiments. Table 2-2
demonstrates some popular EEG devices have been widely used in BCI works
for decades. One of the major drawback of using a commercial EEG device is
that the firmware of the device couldn’t be modified by our own. Hence, in
the current work, we have fabricated our own EEG device with 8 channels to

serve the research objective.
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Table 2-2 Some popular EEG devices being used in neural

engineering researches

Device Number of Electrodes Company
Biosemi Active Two 64 BioSemi
EEG cap 54 iMotion
Nervus EEG 64 Cephalon
Mobile-64 64 Cognionics
Neurosky 1 Neurosky
EEG Neuroscan 60 Compumedics

Neuroscan

2.2.2 Reviews on State-of art Feature Extraction Method
2.2.2.1 Time domain-based Feature Extraction

The feature based on temporal information of EEG signals. It based on
amplitude and phase of the signal. Further enhancement can be used by
applying the peak-marked and some statistical elements such as mean,
standard deviation, signal skewness... to construct the feature set of EEG
signals. P300 is an example of the straightforward method of features
extraction [24]-[26]. On the other hand, the autoregressive (AR) method is
widely used recently to extract EEG feature in time domain. Compared with
the PSD-based approach, AR modeling can provide good spectral resolution
for short data segments and accurately detect abrupt changes in the spectra
[27]. In many recent studies, AR modeling exhibited better performance than
the PSD-based method [28], [29] for EEG classification. There are several
methods for estimating the AR coefficients, such as Burg method, least-
squares approach, and Yule-Walker approach. In this study, the popular Burg
method is used to compute the AR model. This method allows high-resolution
spectral estimation from short data segments. However, this method is
typically sensitive to the order of the model. Therefore, in this work, we also

investigate the effect of the AR order number on the system performance. As
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a result, the best AR order number during evaluation with regard to the

classification accuracy is selected for the final proposed system.
2.2.2.2 Frequency domain-based Feature Extraction

EEG signals composed of wide frequency band from 0 to 100 Hz as
mentioned previously. Each frequency band (i.e., delta, alpha, beta, theta, and
gamma) features a mental character of the brain. Therefore, it is efficient to
extract frequency information of EEG data to discover their complex signature
of a specific mental activity. The most popular method to track the frequency
information of EEG data is based on band power feature extraction. First, the
data are filtered to remove noise as well as obtain the frequency of interest.
Then fast Fourier transform (FFT) is performed on the segmented EEG data.
The PSD of the windowed EEG data was computed by simply taking the
square of the absolute magnitude of its Fourier transform. By observing the
power of each frequency band, researchers can find some neural signatures of
mental activities of the brain. To the best of the author’s knowledge, FFT-
based feature extraction is the most popular technique has been used for
decades [30]-[32].

2.2.2.3 Time-frequency-based Feature Extraction

This method is sufficient in terms of discovering both temporal
information and frequency content of EEF data. The combination of time-
frequency feature extraction method has been widely used in BClI applications.
The most popular time-frequency feature extraction is based on Short Time
Fourier Transform (STFT). According to this method, discrete Fourier
transform (DFT) is performed on short period of data. The process is repeated
for entire EEG data. As a result, the extracted feature contains temporal

information in its one axis and frequency content in another axis (i.e., 2-
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dimensional feature). However, due to the characteristic of DFT, with a longer
time window, a higher frequency resolution is obtained. In contrast, with a
shorter time window, a lower frequency resolution is obtained. As a result, it
is impossible to find the instantaneous frequency and time of occurrence event
precisely. Wavelet analysis is introduced as an alternative method which
overcome this drawback of STFT. Wavelet analysis provide best solution for
high frequency content for short-windowed data. As a result, it is widely used
as a sufficient tool for BCI applications recently [33].

2.2.3 Reviews on State-of art Classification Techniques
2.2.3.1 Linear Classification Algorithms
2.2.3.1.1 Linear Discriminant Analysis (LDA)

LDA is one of the most popular linear method that has been used in
BCI applications. The algorithm aims to find the best combination of features
in terms of distinguish capability of classes. Two classes are classified by a
hyperplane resulted from the algorithm. The separating hyperplane is obtained
by searching for the projection direction that simultaneously maximizes the
distance between the two classes’ mean and minimizes the interclass variance.
In a n-class problem, we probably need n learners in one-vs.-rest strategy and
n(n-1)/2 learners in one-vs.-one strategy. LDA has its advantage in solving
simple two-class problem which cost less computational resources resulting in

fast computation.
2.2.3.1.2 Support Vector Machine (SVM)

SVM is a linear alternative algorithm to the LDA. Compared to Linear
Discriminative Analysis (LDA), SVM is more powerful since it aims to find

the optimal hyperplane that maximizes the margin between two classes.
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The solution of the SVM is obtained from an optimization problem:
1
maxy  —32 (. ) (2.1)

subject to
0 < for and} =0,

where ( , ) is the given j" training point, and k is the kernel function. The

decision function is solved using the Lagrangian function as:

()=2 Ca . (2.2)

Fig. 2-7 visually demonstrates the basic principal of SVM in a two-
class problem. In this figure, the optimal decision surface is found in which
total Euclidian distance between margins is maximized. Due to this benefit,

SVM has been employed in many BCI applications over the past decade.

Introduction to SVM oo

Class 1 Class 2

N

Fig. 2-7. Demonstration of principal of SVM algorithm.
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2.2.3.2 Non-linear Classification Algorithms
22321 SVM

SVM can create a non-linear decision boundary by using a non-linear
kernel function. It provides the projection of the data into higher-dimensional
feature space using the kernel function. Gaussian and radial basis function
(RBF) are among popular SVM kernels being used. Over the past decade,
SVM has become the most popular machine learning approach being used in
the field since it provided fairy good performance in comparison with others
such as LDA, KNN, decision tree [34]-[36].

2.2.3.2.2 Artificial Neural Network (ANN)

Several of state-of-art machine learning approaches have been applied
in this work, including Support Vector Machine (SVM), Multi-layer
perceptron (MLP), and Convolutional Neural Network (CNN). SVM is more
powerful since it aims to find the optimal hyperplane that maximizes the
margin between two classes. However, when it comes to a n-class problem,
we probably need n learners in one-vs.-rest strategy and n(n-1)/2 learners in
one-vs.-one strategy. On the other hand, artificial neural network has emerged
as a powerful algorithm that has surpassed other conventional machine
learning algorithms in many research fields. Typically, a neural network that
is built to be “deep” enough (i.e., number of hidden layers and neurons are
large enough) can be used to approximate any nonlinear function [37].
Moreover, for multi-class problems, we only need a single neural network
model to solve thanks to softmax decoding method. CNN is a subtype of ANN
in which the major difference is that it uses the convolutional layer to input
the data into the model. The input data of a CNN could be a 1, 2, and 3-
dimensional data. CNN provide a common way to input the data into the
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model using kernel filter. Detail about CNN can be found in many machine

learning books nowadays.
2.3 Conclusion

By carefully reviewing on some state-of-art feature extraction and
classification techniques, we took a deep insight into the machine learning
applications in data sciences. Consequently, in this thesis, we explored various
feature extraction methods in combination with SVM and ANN (i.e., Multi-
layer Perceptron and Convolutional Neural Network) to dig into EEG data for

discovering its hidden information about emotional state in humans.
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Chapter 3

3 Eight-Channel EEG Headset Design

3.1 Active Sensors

The most widely used dry electrode design is a set of contact posts
which look like fingers [38]-[40]. This design has an advantage in contact
ability because it is easy to penetrate into the scalp through the hair without an
extended hair arrangement. Fig. 3-1 shows the conventional wet Ag/AgCl
sensors in comparison with the finger-type dry sensors. Table 3-1 lists some

commercially available EEG systems using dry sensor.

In the current work, we use a dry sensor instead of a wet one owing to
its advantages with regard to the contact quality through hair and reusability
as mentioned before. Dry sensors were bought from Cognionics Inc. (Santa
Fe, San Diego, CA, USA). In fact, the high output impedance of the sensor
makes it very sensitive to noise [41]. Therefore, the potential from each
electrode is first passed to an active-shield circuit to minimize the
electromagnetic interference from external sources. This active circuit serves
as a unity gain buffer, which help convert the high output impedance of the
dry sensor to the low output impedance of the active circuit. The detailed
design of the active sensor is presented in [42]. Prototype of the active sensor

is depicted in Fig. 3-2.
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Fig 3-1 Example of conventional wet Ag/AgCI sensors and the finger-type
dry sensor.

Table 3-1 Comparison of Dry EEG Systems

Dry EEG system Mindo-4 [43] Cognionics [44] Imec [45]
Sensor Type Dry Dry Dry
Bandwidth 0.23-125Hz 0-50Hz 0.5-100Hz
Resolution 24bits 24bits 12bits
Number of 4 16/24/32/64 8
Channel
Sampling rate 128/256/512Hz 300Hz 1024Hz
Signal quality .
compared with Correlation Correlation coi?frirceifr:lt?gl-
wet EEG coefficient:>92% [46] coefficient:>90% [47] 920 [ 48']
systems

3.1.1 EEG Biopotential Conditioning Circuit

EEG signals are typically weak (i.e., 10-100 mV) and prone to
interference by undesired noises. Therefore, both amplifying and filtering are
required in the conditioning circuit for further signal processing. Fig. 3-3
shows the schematic of the 8-channel EEG circuit. We use the proposed
headset to measure EEG signals from eight channels based on the International
10-20 System. Cz serves as the reference electrode. The differential potential
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(active channel - reference channel) from each pair of electrodes is amplified
with a differential amplifier (INA128, Texas Instrument, Texas, USA). This
differential amplifier has a high common mode rejection ratio (i.e., ~100 dB)
for better line—noise rejection. Its gain is set to approximately 10. The signal
is then filtered with a second-order active high-pass filter to remove DC offset
and low-frequency noises. The cutoff frequency is set at 1 Hz. The signal is
then amplified by the main amplifier (the gain is set at approximately 3,000)
to ensure that the output voltage matches the input range of the built-in 12-bit
analog-to-digital converter (ADC) of the microcontroller (MCU) for
sufficiently sampling purpose. The reference voltage is set to 1.65 V, which
was half the value of the ADC voltage span (i.e., 3.3 V), to center the signal
around the ADC input range. To avoid aliasing, the signals are filtered with a
fourth-order low-pass filter (the cutoff frequency is set at 59 Hz) before
entering the ADC of the microcontroller (MCU) via a built-in multiplexer.
Moreover, since in the current headset design, we use a Lithium-ion 3.7-V
battery to power the device, the effect of the 60-Hz line noise is minimized.
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Fig. 3-2 Active dry sensor: (a) Schematic, (b) PCB design, (c) Photograph of

the active sensor prototype, and (d) ECG measurement using active dry

SENSOrs.

3.1.2 EEG Digital Embedded System

Active Circuit
Voltage Follower Highpass Filter PC&
Smartphone
Differential Second-Order Gain Amplifier Fifth-Order
Amplifier Highpass Filter P Lowpass Filter
A0
Reference Electrode 8 Conditioning Circuits H
A7
Differential Second-Order Gain Amplifier Fifth-Order
Amplifier Highpass Filter Lowpass Filter Gyroscope &
Accelerometer
Sensors

Fig. 3-3 Conditioning circuit of the proposed 8-channel EEG headset.
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There are eight conditional circuits in total, corresponding to the eight
EEG channels. To measure multiple analog signals, we employ a multichannel
ADC reading procedure using the MCU built-in multiplexer. Fig. 3-3 shows
the conditioning circuit of the proposed 8-channel EEG headset. More detail
about the circuit is shown in Fig. 3-4(a) and 3-4(b) including 8 analog circuits
and the digital part. The digital part consists of MCU, peripheral 1/0 and the
power management circuit. A typical conditioning circuit is depicted in Fig.
3-4(b). Fig. 3-4(c) shows the PCB layouts of the 8-channel EEG headset

including top and bottom layers.
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(d)

Fig. 3-4 Eight-channel EEG circuit: (a) Schematic, (b) A typical schematic
of analog circuit of a single channel, and (c) PCB layouts of the 8-channel
EEG headset including top and bottom layers, and (d) Photograph of the
complete 8-channel EEG headset (in comparison with previous 1-channel
EEG headset).
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A completely wearable headset is fabricated based on the 3D printing
technique using a flexible material to minimize the preparation time for use
and improve the system reliability. The model of the prototype is first designed
using SolidWorks software (SolidWorks Corp., Massachusetts, USA). The G-
code of the model generated by the MakerBot MakerWare software is then
transferred to a 5" generation 3D printer (MakerBot, New York, USA) for
fabrication. The printing process took almost 2 hours. Fig. 3-4(d), 3-5 shows
a photograph of the proposed wearable headset. The EEG main embedded
system is protected by a 3-D printed housing. It is noted that the proposed
headset was typically equipped with several elastic ropes and a flexible
material-made electrode holder useful to maintain a good contact between the
electrodes and the brain scalp through the hair.
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Fig. 3-5 (a) Photograph of the complete embedded 8-channel EEG system,

and (b) location of 8 channels on the scalp.
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3.2 EEG signal Evaluation using SSVEP
3.2.1 Visual Stimulation

The stimulus frequencies typically used in the SSVEP applications can
be divided into three frequency bands: low (i.e., 1-12 Hz), medium (12-30
Hz), and high (30-60 Hz). The strongest SSVEP was particularly observed at
approximately 10 Hz followed by 16-18 Hz range [48]. Another study showed
that the peak of the SSVEP amplitude occurred near 15 Hz in the 5-25 Hz
range [20]. Therefore, in this evaluation, five frequencies (i.e., 6.67, 7.5, 8.57,
10, and 12 Hz) in the lower frequency range were selected as stimulus
frequencies. It is noted that the selected frequencies belonged to the alpha band
of the brain waves, resulting in their equal interferences with this band. A 60
Hz-refresh rate LCD monitor is employed as the visual stimulator that
contained five flickering boxes, called stimuli, that flick at 6.67, 7.5, 8.57, 10,
and 12 Hz corresponding to 9, 8, 7, 6, and 5 frames per period of the monitor
refreshing rate, respectively (Fig. 3-6). Each stimulus is a simple square of 6
cm x 6 cm, which toggled the color between black and red. The toggling cycle
determines the flickering frequency of the stimulus. The color toggling
between black and red is done using the square function as a transparent factor

with a period that changes it value at the stimulus frequency:

()= 2 ) 3.1)
where fi is the stimulus frequency i (i = 1,...,5); t is the period of flickering;

and s(f;) is the transparent factor at frequency fi.

It is important to note that the above-mentioned SSVEP frequencies
are selected as the integer factors of the refresh rate of the screen (i.e., 60 Hz)
due to the stability and precision can be achieved as reported in [50]. Moreover,

a red light is chosen as the stimulation light source because of its strong

32



SSVEP response in the low and medium frequency bands [51]. The
stimulation application is developed in MATLAB using the Psychtoolbox
toolbox.

Stimuli with different
frequencies Power meter

5mm
>

R
Optical sensor l
200-Hz DAQ
sampling rate software
]
(@) (b)

Fig. 3-6 Experimental setup for: (a) optical intensity measurement of visual

stimuli, and (b) SSVEP signals acquisition.

3.2.2 Experimental Setup and Data Acquisition

Fig. 3-6(a) demonstrates the experimental setup for measuring the
optical power of the stimulation light. An optical sensor (918d-sl-0d3,
Newport, California, USA) was placed at a 5 mm distance in front of the LCD
screen, where the on-screen stimuli generated the optical power. The sensor
which connected to a power meter (1918-R, Newport, California, USA) to
continuously measures the light-induced optical power. The sensory data are
sampled at 200 Hz, which is twice higher than the highest frequency of interest
(i.e., the frequency band of the SSVEP ranges from 6 Hz to 16 Hz) satisfying
the Nyquist theorem. The data from the power meter is then transferred to a
computer via a universal serial bus for further analysis. The measurement is

repeated for all five stimuli to verify their flickering frequencies. All the
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experiments are implemented in a dim room to minimize the ambient light

noise.

Offline experiment is conducted to verify the optimized settings of the
system as well as to collect data for training the CNN model prior to the online
experiment. Eight healthy volunteers, who have no problem with visual
impairment, participated in this experiment (i.e., six males and two females
with an age range of 24 to 32 years). The participants were seated on a
comfortable chair at a distance of approximately 40 cm in front of the visual
stimulator in a dim room (Fig. 3-6(b)). In order to avoid any random error as
well as to maintain the consistence of the system, the experiment was design
to be consisted of 20 trials. In each trial, the participants were asked to gaze
on five stimuli (i.e., five choices of the menu) in a pre-defined order. Moreover,
they were given a 0.5-s interval to shift their gaze between two consecutive
targets. The gazing time of the subjects on each target was set to 10 s. During
the experiments, EEG signals were recorded and further processed for training
step. All five targets keep flickering until the end of each trial. To prevent the
subjects from visual fatigue, 2-min break was given after each trial.

3.2.3 FFT-Based Feature Extraction

In this evaluation, we apply a bipolar montage to measure EEG signals
from the O1-Oz pair at a sampling rate of 128 Hz. The EEG data are first band
pass-filtered from 6 to 13 Hz to explore the characteristics of the fundamental
component of the SSVEP signals. FFT is performed with various number of
points (i.e., 256, 512, 1024 and 2048) resulting in different frequency
resolutions of 0.5, 0.25, 0.125 and 0.0625 Hz in the frequency domain,
respectively. Moreover, a Hamming window of a similar length to the time
window length is applied to improve the signal-to-noise ratio (SNR). To

evaluate the system performance with respect to analyzed window of the
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signal, three different time windows (i.e., 1-s, 2-s, and 3-s EEG data) are
explored. Two types of FFT-based features are investigated in the current
evaluation. Fig. 3-7 shows the block diagram of feature implementation. The
first feature (called *’Feature 1) is computed by divided all FFT frequency
points over the range 6-13 Hz by the maximum value in this range. As a result,
all magnitude values of “Feature 1” are normalized between 0 and 1 and being
stored in the feature index vector. To compute the second feature (called
“Feature 27”), the highest FFT frequency point related to five SSVEP
frequencies is picked (called “max_SSVEP”). Then the feature index vector
of “Feature 2” is obtained by divided all FFT frequency points over the range
6-13 Hz by the “max_SSVEP”. The combinations of these two types of
features with different time window lengths are investigated to find out the
optimal conditions for the proposed system. In the next step, the computed
features are loaded into the CNN model for training. Fig. 3-8 illustrates the
feature index curves of above-mentioned features along with the Fourier
transform of 2-s EEG signal utilizing 2048-point NFFT.

Feature Input (Type 1) Feature Input (Type 2)

Fig. 3-7 FFT-based feature extraction method of SSVEP signals.
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Fig. 3-8 Demonstration of feature index of Feature 1 and 2 along with the
FFT of SSVEP signals.

3.2.4 Proposed 1-D Deep Learning Scheme for SSVEP Classification
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Fig. 3-9 Proposed scheme of 1-D CNN model for 5-class SSVEP

classification.
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Fig. 3-9 demonstrates the 1-D CNN scheme being used for SSVEP
frequency detection in this evaluation. Generally, the proposed CNN model
consists of three main layers: input layer, hidden layer and output layer. The
input layer comprises two convolutional layers named “convolutional layer 1”
and “convolutional layer 2”. It is input with FFT-based features of segmented
EEG data using 5-point kernel filter. In total, ten kernel filters are used. To
reduce computational time as well as to reduce overfitting, a max-pooling
layers is applied right after each convolutional layer. In the hidden layer, two
fully connected layers are included. The first fully connected layer consists of
128 neurons. To prevent the network from overfitting, dropping-out units with
the rate of 25% are used. The second fully connected layer comprises three
nodes. This layer also serves as the visualization layer of the featured data as
shown in the result section. ReLu is used in the first fully connected layer as
activation function while tanh/ softplus is used in the second one. The output
layer comprises five nodes involving five SSVEP frequencies. Softmax
activation is applied for each node in the output layer for decoding the
classification results. Typically, in softmax-based classification approach, an
input signal is predicted to be belonged to a class such that its mapping output
value (by the neural network) obtained highest among five outputs of output
layer. The general form of softmax function is given by:

()= =1, (3.2)

The function takes a real-valued input vector z and maps it to a vector of real

values in the range (0, 1).
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In combination with the softmax classifier, cross-entropy is chosen as
the loss function for performance evaluation of the network. Cross-entropy

loss can be expressed as follows:

(,)===3 OIn (D+@=- O)n@— ( ON], (33)

where  ={ @ . O}is the set of input samples in the training dataset,
and ={ @ .. O} is the corresponding set of labels. The ()

represents the output of the neural network given input

To obtain better convergence rate of the network, Adam optimization
algorithm is sufficiently used among with a classic stochastic gradient descent

(SGD) algorithm as network weight update rule.

The network is trained during training mode of the proposed system.
Five-fold cross validation is conducted to statistically evaluate the
performance of the proposed model as well as to prevent the model from
overfitting [52]. Average error and accuracy of 5-fold cross validation during

testing phase is calculated for evaluation.
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3.2.5 Classification Results
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Fig. 3-10 Validation of SSVEP signals with 10-Hz visual stimulation input.

An example of optical stimulation signal at 10 Hz and its SSVEP
response are depicted in Fig. 3-10. Particularly, Fig. 3-10(a) illustrates the
optical power of the stimulation light from the visual stimulus at the left
portion of the figure and its SSVEP response waveform from the (O1-Oz)
bipolar channel (the right portion of the figure). Both signals are band pass-
filtered from 5 to 20 Hz, which covered the SSVEP frequency band being used
in this study, to reject the 60 Hz component from the refresh rate of the screen.
Frequency spectrum of both signals discovered by discrete Fourier transform
is shown in Fig. 3-10(b). The PSD peak (“red” curve) occurs at 10 Hz Fig. 3-
10(b) (left)), which definitely verify the stimulation frequency. On the other
hand, the “blue” curve represents a typical response in frequency domain of

the brain to its 10-Hz optical stimulation. Its Fourier transform results indicate
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that a PSD peak is also obtained at 10 Hz, demonstrating the proper SSVEP
response of the brain to the visual stimulation. A measurement of linear
correlation between these two signals in frequency domain is shown in Fig. 3-
10(b) (right) using linear regression model. The correlation coefficient is
calculated to be approximately 0.7 which typically confirm the comparable
correlation between two signals. Moreover, as shown in Fig. 3-10(b) (left), the
major correlation is resulted from the signals at 10 Hz (the 1% harmonic) and
20 Hz (the 2°¢ harmonic). The abovementioned evaluation results verified the
high precision visual stimulation using the Psychtoolbox and their clear

SSVEP responses.
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Fig. 3-11 Learning curves of 5-fold cross-validation of 8 subjects in 500

training epochs.

Learning curve of the CNN model is shown in Fig 3-11 in terms of
cross-entropy loss during testing phase for 500 epochs across eight subjects.
It is noted that these results are obtained given the following setting of the
CNN model: 2-s windowed input data, 2048-point NFFT in combination with
feature type 2. Apparently, for all subjects, the model fits the data at highest

40



rate in the first 100 training epoch. Moreover, the validation loss is
approaching zero as it become saturated at around epoch 500 indicating the
convergence of the model. Subject 3 and 4 achieve best convergence rate in
average among eight participants. The lowest convergence rate occurs in the
case of subject 6. In addition, this loss curve shows an abrupt change in
convergence rate at epoch 170 consequently it can keep pace with other loss
curves within the next 100 epochs. All loss curves obtain a cross entropy loss
of lower than 0.2 after 300 epochs as the model get well converged. These
learning curves (i.e., cross entropy loss) reflect the trends of the corresponding
validation accuracies which were exhibited in Fig. 3-12. Particularly, the
lower cross entropy loss the higher accuracy is obtained. For all participants,
the validation accuracy curves are approaching 100% with different
converging rates due to different learning rates of the model. Although with a
bad learning rate at starting (the first 170 epochs), the accuracy for subject 6
is slightly higher than that of subject 7 after 500 training epochs (97.28% vs.
97.11%, respectively).
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Fig. 3-12 Average accuracy of 5-fold cross-validation of 8 subjects in 500

training epochs.

As mentioned earlier, the fully connected layer F2 is composed of three
neurons. Thus, in order to observe the convergence of the model during
training, 3-D featured data associated with these three nodes are visualized in
3-D coordinate in which each node output is according to an axis direction.
Fig. 10 illustrates 3-D scatter plot of three output node data at layer F2 after
500 training epochs. With softplus is chosen as activation function at layer F2,
the 3-D scatter data are distributed around the origin of the coordinate (Fig. 3-
13). Moreover, data points which belonged to a specific class gather in a
densely volume and well distinguished from those of other classes. On the
other hand, Fig. 3-14 shows the 3-D data distribution of three node outputs in
the case of tanh activation is selected in this layer. Unlike the softplus-induced
features, the tanh-induced features distributed in a 2x2x2 cube. Each group
among five-group data are mainly distributed in a specific corner of the cube.
Although, there are conflict data samples between two different groups, in

general, all classes are visually distinguished. It is noted that, for both cases,
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“6.67 Hz”, “7.5 Hz”, “8.57 Hz”, “10 Hz”, and “12 Hz” data samples are
represented with red, green, blue, black, and pink colors, respectively.
Apparently, the proposed CNN model is able to distinguish five SSVEP

frequencies as it can extract the meaningful information from the frequency
spectrum of the signal.

s 6.67 Hz
e 7.5Hz
e 8.57Hz
e 10Hz
e 12Hz

Fig. 3-13 3-D scatter visualization of featured data at layer F2 after 500

training epochs, with “softplus™ activation function.
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Fig. 3-14 3-D scatter visualization of featured data at layer F2 after 500

training epochs, with “tanh” activation function.

Fig. 3-15 compares the performance of the model between two types
of features and with respect to time window and frequency resolution.
Obviously, the test accuracy of the CNN model increases as the frequency
resolution and the analyzed time window increase for both types of features.
Five-fold cross validation results indicate that “Feature 1” and “Feature 2”-
based models achieved their highest accuracies in the case of 3-s time window
and 0.0625-Hz resolution (i.e., NFFT is equal to 2048) at 99.5% and 99.8%,
respectively. Likewise, the lowest accuracy of 39.6% and 45.2% (i.e., “Feature
1” and “Feature 2”-based models, respectively) are obtained in the case of 1-
s time window and 0.5-Hz resolution (i.e., NFFT is equal to 256). An accuracy
above 95% occurs in the cases of 2-s and 3-s time windows in combination
with 0.125-Hz and 0.0625-Hz frequencies for both models. Another finding is
that less variance of the accuracy is obtained with higher frequency resolution
for all investigated time windows. For instance, with an exception of 0.5-Hz
spectra case, the standard deviation of the accuracy of all other cases are lower

than 6%. “Feature 2”-based model outperforms the “Feature 1”-based model
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in terms of accuracy for all cases except for the case of 1-s time window and
0.25-Hz resolution (i.e., NFFT is equal to 512). This is reasonable due to the

less reliability of 1-s time window application (short-time windowed data).

120

100 100

80 80

60

40 40

20 20

0 0
256 512

1024 2048 256 512 1024 2048

Accuracy (%)
(=23
o
Accuracy (%)

NFFT NFFT

B1l-stimewindow @2-stimewindow @ 3-stime window m1-stimewindow @2-stimewindow @ 3-stime window

(@) (b)

Fig. 3-15 Five-fold cross validation of the 1-D CNN model for Subject 1
with respect to number of FFT point and window length, utilizing: (a)

“Feature 17, and (b) “Feature 2”.

3.3 EEG signal Evaluation using Eyes-Closed Signals
3.3.1 Headset and positions for EEG measurement

Neural alpha wave is clearly observed in occipital cortex (visual
cortex) during closing eyes as reported in many EEG studies [53]-[55].
Therefore, in this step, we adopt this fact to validate EEG data acquired by our
device. However, the eyes-closed EEG signal can be easily affected by
blinking EEG artifact. Therefore, in order to discriminate these two types of
signals, it is necessary to measure EEG signals from two different locations
that are occipital cortex and frontal cortex of the scalp. In turn, a bipolar

channel (i.e., Fpl-Fz) is used for acquiring the EEG signal from the frontal
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cortex and another bipolar pair (i.e., 01-02) is used for measuring the EEG
signal from the occipital cortex (Fig. 3-16). EEG signals were sampled at 500
Hz, and band-pass filtered between 0.1 and 40 Hz before wirelessly

transferring to a computer for analysis.
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Fig. 3-16 Location of electrodes being used to capture eyes-closed EEG and

eyes-blinking EEG signals.

3.3.2 Feature Extraction and Selection

The first step in the signal processing module is to collect data for the
training process. In order to do this, offline experiments were conducted with
60 trials. The participants were asked to open their eyes for 10 s followed by
10-s eyes-closed period. Another experimental exercise was to have
participant double-blink for 10 s at 2 s intervals between two consecutive

double-blinks. In all, it took 30 s to finish each trial. To prevent the participants
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from getting fatigued, they were given a minute’s rest between two

consecutive trials.

The two-channel EEG signals were recorded from (O1-02) and (Fp1-
Fz) according to the international 10-20 system. The data were band-pass
filtered from 0.5 to 32 Hz, covering the frequency ranges of major brain waves
(i.e., delta, alpha, beta, and theta) before further processing steps. Several
features from both time domain and frequency domain were investigated in
the current study. For the frequency domain, a 1024-point FFT was computed
every 1 s on the EEG data resulting in 500/1024 = 0.49 Hz frequency
resolution (Fig. 3-17).
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Fig. 3-17 Examples of EEG waveform acquired from O1-O2 (top) during
“eyes-open” and “eyes-closed” events, Fpl-Fz (middle) during “double
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blinking” event, and the procedure of signal processing (bottom) at 1-s

interval.
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Fig. 3-17 (1) Examples of EEG waveform acquired from O1-O2 (top) during
“eyes-open” and “eyes-closed” events, and the corresponding STFT (NFFT
= 1000, 128-sample block, and 64-sample overlapping).
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Fig. 3-17 (2) EEG spectrum for 1.5-s EEG during eyes-closed (left) and
eyes-open (right).

In order to detect the EC event, the EEG signals from (01-O2) was
acquired. The first feature was explored is the energy of the EEG signal in
time domain. Particularly, the energy of the EEG signal (éEEG) was computed
every 1 s. The energy of a signal is computed as followed:

E IXIi1°, o

where E denotes the energy of the signal x; i is the sample i,

In frequency domain, the relative alpha power (RAP) and the energy
of the power spectral density (PSD) signal (ePSD) in the range 10-12 Hz were

also explored. To compute the RAP, power of PSD over the frequency range
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8-13 Hz (alpha band) is calculated in comparison with total power of the EEG

signals:

Power ()

RAP -
Power( ) Power( ) Power( ) (3.5)

where Power (a), Power ( ), and Power ( ) denote the power of alpha band
EEG, beta band EEG, and theta band EEG, respectively.

Totally, three features from (O1-02) EEG (i.e., eEEG, ePSD, and RAP)
were extracted every 1 s for each stage of the offline experiment (i.e., EO, EC,
and DB). The training set consists of 693 samples. Among them, there are 280
samples of EO events and 280 samples of EC events whereas another 133
samples were extracted from the DB events. These events were labeled “1”,

“2”, and “3”, respectively during the training process.

Many recent studies have shown that the blinking event- induced EEG
can be easily detected in the frontal cortex due to the significant increase in
the power of the EEG signals [56]-[58]. In this work, two features were
investigated to select the most efficient feature for detecting of blinking event.
In turn, the time domain-based feature of the energy of the EEG waveforms
was computed every 1 s. On the other hand, since the blinking event is
associated with the low frequency band (0.5-4 Hz) [59], the energy of the PSD
of EEG signal over the range 0.5-4 Hz was taken as the second feature for
detecting the blinking event.

In order to select the best feature, receiver operating characteristics
(ROC) and T-test analysis are typically used to evaluate its performance in

classifying strategy. The statistical t-test evaluates the statistical
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discrimination between two datasets and is used as an indicator of
classification efficiency [60]. The ROC curve was computed after the SVM
model had been trained in the training step. Area under the curve (AUC) is the
area below the ROC curve. It is commonly used to verify the class-

discrimination capability of the feature in various models [61]-[64].
3.3.3 SVM model for three-class classification

In this evaluation, a non-linear SVM with radial basis function (RBF)
kernel was employed for classification. The three-class discrimination
problem of the model was typically solved by combining three binary SVM
classifiers using the one-vs-one strategy. For each binary learner, one class is
positive, another is negative, and the rest are ignored which results in total 3
binary classifiers (i.e., = 3*2/2). Learners 1, 2, and 3 are trained to distinguish
between EO and EC, EC and EB, and EB and EO, respectively. K-Fold

method with 10 folds was used to cross-validate the classifier.
3.3.4 Classification Results

Fig. 3-17 shows examples of the EEG signals recorded from (01-02)
(top) during EO and EC events and (Fp1-Fz) (bottom) during blinking event.
Obviously, the EO event can be observed in the first 2 s of EEG (01-02) while
the EC event can be recognized in the last 3 s as the amplitude of the EEG
signals increases. On the other hand, the DB event can be easily observed in
(Fp1-Fz) channel due to its abrupt change in the amplitude. Moreover, there
are four DB events which were captured in the last 2 s. The features extracted
from (O1-02) channel and (Fpl1-Fz) channel can be obtained by sliding 1 s
time window through the entire data set. The overlapping interval between two
consecutive windows was set to 0.2 s which is equal to the normal period of

EB event.
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Fig. 3-18 (a) Examples of 1-s EEG waveforms (O1-O2) resulting from three
events: “eyes-open” and “eyes-closed”, and “double blinking”, (b) their

relative power, and (c) and their power spectral density.
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Fig. 3-19 Comparison of three ROC curves of three SVM classifiers utilizing

three above-mentioned features.
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Fig. 3-20 Examples of 1-s EEG waveform (Fp1-Fz) channel resulting from

three events: “eyes-open” and “eyes-closed”, and “double blinking”.

Fig. 3-18 illustrates three typical 1D-features extracted from (01-02)
channel. As mentioned earlier, the best 1D-feature among these three features
will be selected for the joint 2D-feature for the final three-class classification.
The feature selection starts with extracting 3 kinds of features for
distinguishing between EC event and the rest events (EO and EB). The first
feature is based on the increase of the amplitude of the EEG signal during
closing eyes (i.e., eEEG) (Fig. 3-18(a)). The second feature which can be
another indicator of EC event is the RAP. According to Fig. 3-18(b), the
highest alpha wave power achieved in the case of EC event follow by EO event
(e.g. 44%, 28%, 24% for EC, EO and EB, respectively). Another feature is
extracted based on the ePSD of EEG in the frequency band 10-12 Hz (Fig. 3-
18(c)). Apparently, a significant increase in the power of the EEG signals over
the band 10-12 Hz when the users close their eyes (EC) for 1 s in comparison

with those resulted from the rest events (EO and EB). A comparison of
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performances among these three kinds of features is illustrated in Fig. 3-19 by
means of ROC curve. Obviously, the feature ePSD over 10-12 Hz frequency
band indicated the best performance among three studied features due to its
largest AUC (i.e., 0.98). On the other hand, the feature eEEG demonstrates a
poor performance of classification due to its quite small AUC (i.e., 0.58) as it
gets closer to the “line of no-discrimination”. Moreover, the feature RAP
reflects its high ability to be a good distinguishing feature for classification
although its AUC was slightly smaller than that of the feature ePSD over 10-
12 Hz band (i.e., 0.96 vs. 0.98).
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Fig. 3-21 Comparison between two ROC curves of two SVM classifiers

utilizing two above-mentioned features.
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Fig. 3-20 illustrates a comparison of performance between two features
extracted from (Fpl-Fz) channel (i.e., eEEG and ePSD over 0.5-4 Hz
frequency band). Fig. 6(a) shows the PSD of 1 s EEG signals acquired from
(Fp1-Fz) channel of three events (i.e., EO, EC, and EB). Obviously, the PSD
of EB-induced EEG achieves its highest power in 0.5-4 Hz frequency band
followed by the EO event. The smallest PSD occurs in the case of EC event.
An example of a typical EEG waveform acquired from (Fpl-Fz) channel is
shown in Fig. 3-20. Apparently, the amplitude of the EB-induced EEG was
significantly different from the ones resulting from EO and EC events. The
comparison of performance by means of ROC curve between these two
features is shown in Fig. 3-21. There is a slightly difference between two ROC
curves resulting in no significant different between AUC between them (i.e.,
0.95 vs 0.96).
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Fig. 3-22 Decision boundaries of SVM classifier utilizing 2D feature: energy
of (Fpl-Fz) EEG and relative power of (01-02) EEG.

. QOpen Eyes
. Closed Eyes
. Double-blinking Eves

Energy of EEG within window

-0.2 a 0.2 0.4 0.6 0.8 1
Energy of FFT over 10-12Hz range

Fig. 3-23 Decision boundaries of SVM classifier utilizing 2D feature: energy
of (Fpl-Fz) EEG and energy of PSD of (01-0O2) EEG.

In order to build a SVM model for 3-class classification, this work
investigated the performance of two kinds of features. The first feature is the
combination of eEEG of EEG ((Fp1-Fz) channel) and RAP of EEG ((01-02)
channel) and the second feature is the combination of eEEG of EEG ((Fpl1-Fz)
channel) and ePSD over 10-12 Hz frequency band of EEG ((01-0O2) channel).
Fig 3-22 demonstrates the classification results of the first SVM model based

on the first feature. Obviously, the model can distinguish well between EC
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event and the other two classes (EO and EB). However, the overlapping area
between two groups EO and EC was quite large. Table 3-2 shows the
confusion matrix of the training model with 1 s time window. The
misclassification of “class 1”, “class 2”, and “class 3” were 8.5%, 8.9%, and
2.9%, respectively. As a result, the overall accuracy achieved of this model
was 91.8%. On the other hand, as shown in Fig 3-23, the three groups
apparently were classified with better performance in term of misclassification.
Indeed, Table 3-3 depicted that the misclassification of “class 17, “class 27,
and “class 3” are 7.2%, 7.3%, and 3.4%, respectively. Hence, the model
achieved 93.8% accuracy on the classification task. Obviously, the number of
misclassification samples utilizing the second feature was reduced in
comparison with that utilizing the first feature. Table 3-4 demonstrates the
comparison of the overall accuracy of the proposed model between 1 s time
window and 2 s time window utilization. The overall accuracy of the model
increases when the time window increases for both kinds of features (i.e., 93.8%
for 1 s time window vs. 96.2% for 2 s time window in the case of combining
feature 1 and 91.8% for 1 s time window vs. 95.9% for 2 s time window in the
case of combining feature 2). As mentioned earlier, the spelling rate and the
overall accuracy are two important factors in evaluating a BCI-based speller.
Considering of improving the spelling rate, 1 s time window was picked as the
analyzing window for the online model. Moreover, it turns out that the
combination of two best 1D features, ePSD over 10-12 Hz frequency band in
(01-02) channel and eEEG in (Fpl-Fz) channel, is employed for three-class
classification in the proposed model.
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Table 3-2 Confusion matrix of Feature 1-utilized classification.

Nisamples = 693 Predicted EO  Predicted EC  Predicted EB

Actual EO 261 13 6
Actual EC 21 259 0
Actual EB 4 4 125

Table 3-3 Confusion matrix of Feature 2-utilized classification.

Nsamples = 693 Predicted EO Predicted EC  Predicted EB

Actual EO 256 22 2
Actual EC 24 255 1
Actual EB 1 2 130

Table 3-4 Confusion matrix of Feature 2-utilized classification.

Features 1s 2s
Feature 1 93.8% 96.2%
Feature 2 91.8% 95.9%

Once a blinking event is detected, the system needs to recognize
whether it was the DB event or eyes-blink artifact. An example comparison of
EEG waveform between an eyes-blink artifact and DB event is depicted in Fig.

3-24 (a). Apparently, the DB-induced waveform has a second blink-induced
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peak with lower amplitude beside the first blink-induced peak. Obviously, it
has resulted from the fact that the second blink-induced peak goes right after
the first one without any delay between them. In fact, the blinking event is
typically associated with the frequency band from 0.5 to 4 Hz. Therefore, the
1-s EEG segment was typically decomposed into several levels in order to
reach the frequency band between 0.5 and 4 Hz. A discrete wavelet transform
(DWT) based on the Daubechies mother wavelet with order 7 (“db7”), was
used to extract the feature from the EEG signal. The DWT decomposes the
signal into a set of approximate (Ai) and detailed (Di) coefficients of i level.
For instance, in this study, the EEG signals with 0.5-32 Hz frequency band
were decomposed into 3 levels and the approximate coefficient of level 3 (CA3)
with the frequency band ranging between 0.5 and 4 Hz, was chosen as the
feature for classification. The detail of wavelet decomposition and its
frequency ranges are shown in Fig. 3-24 (b). Next, the Shannon Entropy of the
approximate coefficient cA3 was computed as the feature for classifying eye
blink artifact event from the DB event. Student’s t-test was performed for
statistical comparison and p < 0.05 means significant. On average, the entropy
value of the EEG signal resulting from the eye blink artifact was calculated to
be 1664 bits, which was significantly higher (p < 0.001) than that in the case
of DB event (Fig. 3-25 (a)) (i.e., 1496 bits). Fig. 3-25 (b) shows the
classification performance of the model by means of ROC curve. It has been

obtained that the overall accuracy of the model was 83%.
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Fig. 3-24 (a) Comparison between two 1-s EEG waveforms resulting

from eyes-blinking artifact and “double blink” events, and (b) Wavelet
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Fig. 3-25 (a) Entropy distribution of two groups of events: eye-blink artifact
and “double blink” and (b) Classification ROC curve of the SVM classifier.
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3.4 Conclusions

In chapter 3, we presented circuit design of the proposed 8-channel
EEE headset including analog and digital circuit. Then the EEG data acquired
from the headset were evaluated using SSVEP and eyes-closed EEG signals.
For SSVEP evaluation, we proposed a 1-D CNN to classify 5 classes of
SSVEP corresponding to 5 different SSVEP frequencies. Up to 99%
classification accuracy was obtained for 5-class classification. Moreover, a
well agreement (correlation coefficient of spectral density achieved at 0.7)
between the input visual stimulation signals and the SSVEP signals
demonstrated the good quality of EEG data acquired from the headset. On
another hand, eyes-closed EEG signals also be recognized with high accuracy
of 93.8% (1-s window length) using SVM classifier showing the feasibility of
the proposed headset. In next chapters (4 and 5), the proposed EEG headset is

employed in emotional recognition which is the main goal of this dissertation.
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Chapter 4

4 Emotion Under Emergency Situation

4.1 Introduction

Chapter 3 already mentioned about the EEG circuit design and how
EEG data of eight channel are captured for further processing. Besides, an
inertial measurement unit (IMU) sensor (consists of an accelerometer and a
gyroscope) is used to detect the movement of the foot of the driver during
emergency braking events. Two such sensors are integrated into one board and
communicate with the MCU via an 12C communication bus. With this IMU
sensor, we have introduced a novel method to label the data during extremely
short time under emergency situation. In machine learning field, processing
the data before classification play an important role in the final classification
results. Another major step has to be carefully conducted is data labelling
process. Each data sample needs to be correctly labelled before training the
model. Otherwise, the classification model will be the overfitting model. On
other words, it is a big misconception about the classification model.
Therefore, in this work, by using an IMU sensor, we have introduced a novel
method to label the emotional EEG data for training during extremely short

duration before the onset of actual braking.

In this chapter, we aim to classify the surprising emotion under the
emergency situation (i.e., during facing the emergency braking events) against
the normal emotion under normal driving. Once the surprising and sad
emotion is detected, we can use the model to early recognize the braking
intention of the driver based on EEG as an alternative to the normal creation
of the driver using EMG (i.e., pedal braking by foot).
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4.2 Experimental Procedure

Eight male and two female subjects (aged from 24-32) participated in
the experiment. All the participants were physically healthy and had no visual
impairment. The subjects were seated on a comfortable chair in a simulated
driving station (Fig. 4-1). They were asked to drive for approximately 20
minutes while wearing the proposed EEG headset, using the SCANIA Truck
Driving Simulator software. In the driving software, “reaction test” was
selected as the driving scenario. The emergency braking situation was
simulated by the sudden appearance of a pedestrian or animal crossing the
street at a predefined short distance (by the software) from the vehicle. The
subject was asked to maintain the car speed at approximately 100 km/h. The
reaction time of the drivers was automatically monitored by the software
according to the time interval between the emergency-stimulus onset and the
execution of the braking event. Prior to the experiment, all participants were
instructed to perform a driving trial to familiarize them with the simulated
driving tasks. All subjects were asked to be completely focused on the driving
tasks, similar to the case of real-life driving.
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Fig. 4-1 Photographs of complete 8-channel EEG headset with 3-D printed

flexible cap and the experimental setup for the virtual driving environment.
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Fig. 4-2 Flowchart of the EEG-based braking-intention detection system.
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4.3  Signal Pre-Processing

Fig. 4-2 shows the flowchart of the whole system. It consists of training
mode and testing mode. In the training mode, 20-min 8-channel EEG and IMU
data are captured during the simulated driving task. In contrast to [65], the
training data are collected by sliding the window along the data length, in the
same manner as online testing. The analyzed window is set as 1 s, and the step
size is varied to investigate its effects on the system performance. The IMU
data are segmented similarly to the EEG data. To pre-process the data, the
segmented 8-channel EEG data are band-pass filtered from 1 to 60 Hz that
covers EEG wave bands of interest (delta, theta, alpha, beta and gamma) as
well as to remove power line noise (i.e., 60 Hz). Independent component
analysis (ICA) is performed to separate other unexpected noises. In particular,
one second of the 8-channel EEG data can be expressed as:

X(@) = [Xa(t), X2(t), .., Xs(®)]", (4.1)

where xi(t) represents the EEG data recorded from the i channel at time t.

The independent components Y (t) = [yi(t), y2(t),..., ys(t)] are obtained as:

Y(t) = WX(1), (4.2)

where W is the un-mixing matrix, which is calculated according to the infomax
algorithm [66]. To remove motion artifacts (blinking, head movement), we
first calculate approximate entropy for all independent components. Then, the

components associated with these artifacts are eliminated using thresholds.
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In the testing mode, the EEG data are analyzed every 1 s. In particular,
a segment of EEG data which size is equal to that corresponding to the step
size (8, 16, and 32 samples for 62.5-ms, 125-ms, and 250-ms step-sizes,
respectively) are added to the buffer for real-time analysis. The remaining
steps, including pre-processing and feature extraction, are the same as those in
the training mode. Finally, a well-trained neural-network classifier is

employed to make predictions on the new segmented EEG data (Fig. 4-3).

4.4 Feature Extraction

Two types of features are investigated in this study. The first feature is
based on the frequency domain and is obtained using the fast Fourier transform
(FFT), which is a popular nonparametric approach for computing the power
spectral density (PSD) of a signal. In particular, a 512-point FFT is performed
on the 1-s segmented EEG data, resulting in a frequency resolution of 128/512
= 0.25 Hz. Accordingly, for all eight channels, we compare the difference of
the relative power spectra of each EEG band between two situations (normal
driving vs. braking intention): the delta band (1-4 Hz), theta band (4-8 Hz),
alpha band (8-14 Hz), beta band (14-30 Hz), and gamma band (30-60 Hz).
The relative power of each EEG band is computed as follows:

= 55, (4.3)

where and represent the absolute and relative EEG power
of the i band (i = 1, ..., 5, corresponding to the delta, beta, alpha, theta, and

gamma bands), respectively.
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The second feature is based on the AR model. As an alternative to the
PSD-based feature, AR modeling has been widely used in recent EEG studies
as a feature-extraction technique. Compared with the PSD-based approach,
AR modeling can provide good spectral resolution for short data segments and
accurately detect abrupt changes in the spectra [67]. In previous studies, AR
modeling exhibited better performance than the PSD-based method [68], [69]
for EEG classification. There are several methods for estimating the AR
coefficients, such as Burg method, least-squares approach, and Yule-Walker
approach. In this study, the AR models are derived via the popular Burg
method, which allows high-resolution spectral estimation from short data
segments. However, this method is sensitive to the order of the model. Hence,
we also investigate the effect of the AR order number on the system
performance. The best AR order number with regard to the classification
accuracy is selected for the proposed system. The AR model of the EEG data

from each channel can be expressed as follows:

= tXl -+ (4.4)

where  represents the single-channel EEG data at time t, is the order
number, cisaconstant,  represents the white noise with zero mean and finite

variance, and  represents the AR coefficients to be estimated.

In several previous studies [65], [70], there was a lack of information
regarding how to accurately label the training data in cases where time should
be carefully considered. According to [71], ERD starts before the actual
movement approximately 150 ms before the electromyography (EMG) onset.
Another study [72] demonstrated that neurophysiological correlates of
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emergency braking occur approximately 130 ms earlier than corresponding
behavioral responses related to the actual braking event. Furthermore,
according to [65], emergency braking intentions can be detected
approximately 420 ms after the onset of an emergency stimulus. Therefore, in
this study, we explore the neurophysiological response within 1 s before the
executed braking event. Fig. 4-3 shows the procedure of how the data are
captured and labeled using the IMU sensor. The braking event can be captured
in real time using threshold based on the standard deviation of the data. Once
the braking time point is determined, the 1-s EEG data prior to it are labeled
as the braking-event samples. The pre-braking period is defined as the time
interval before the onset of the executed braking event, in which the data
samples are examined to detect the braking intention. According to the
simulated driving result, the average reaction time measured by the software
is approximately 876 ms (after the onset of the emergency braking stimulus)
(Fig. 4-5(d)). Considering this result, we investigate five pre-braking periods
200, 400, 600, 800, and 1000 ms to estimate the most appropriate
neurophysiological response time to the emergency situation. All the training
samples within 5 s after the onset of the executed braking event are discarded
owing to the instability of the signals immediately after the onset of the
emergency situation (i.e., the subject might experience mental suffering due
to the dangerous situation). On the other hand, normal-driving samples are
obtained during normal driving without an emergency situation based on the

small variation of the IMU sensor data.
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4.5 Multi-layer perceptron-based classifier

Hidden

Input

X1 Output

X2
2-class: Normal vs.

Braking Intention
X3 7

Xn

Xn+1 hm+l

Fig. 4-4 Neural-network structure for the two-class classifier (normal driving

vs. braking intention).

In this study, a multilayer perceptron neural network is used as the
classifier. We select neural network as the classifier because it can
approximate any nonlinear function and can thus replace popular machine-
learning approaches such as linear discriminant analysis (LDA) and support
vector machines (SVM). Fig. 4-4 shows the structure of the network that is
used. The proposed neural network comprises three layers: input, hidden, and
output. The size of the input layer of the network is equal to the size of the
input features. For the PSD-based feature extractor, the feature covers five
EEG bands (delta, alpha, theta, beta, and gamma), resulting in 40 inputs (5
bands x 8 channels). For the AR model feature extractor, the size of the feature
is equal to the AR model order number multiplied by the number of EEG
channels (eight). As mentioned previously, different AR model order numbers

are investigated to obtain the best classification performance. Thus, the size of
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the input layer of the network is equal to 32, 40, 48, 56, 64, 72, 80, 88, 96, 104,
112, 120, 128, 136, 144, 152, 160, and 168 corresponding to AR model order
number of 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, and 20,
respectively. One disadvantage of the multilayer perceptron is that it requires
tuning the number of hidden neurons. Therefore, in this study, we also
investigate the system performance with respect to the number of hidden
neurons (10, 20, 50, 100, 500, and 1000) to obtain the best network
configuration. The output layer comprises two neurons corresponding to two
classes: normal driving and braking intention. Sigmoid is chosen as the
activation function of the hidden neurons, and softmax is chosen as the
activation function of the output neurons. The general form of the softmax

function is given by equation (2) mentioned previously.

In conjunction with softmax output, cross-entropy is chosen as the loss
function for evaluating the quality of the neural network. It is noted that the
current study applied the subject-specific training procedure. Particularly, for
each subject, we collect EEG data and train the neural network model. Then,
the well-trained network is validated and tested with the new dataset from the
same subject. The number of samples during training and validation are varied
with different setting parameters of the model. For instance, with a 1000-ms
pre-braking period and 125-ms step-size, the entire dataset consists of 1418
samples (i.e., 922 samples of normal driving and 496 samples of braking
intention (62 execution braking events x 8 segmented windows (~ 1000 ms/
125 ms))). All data samples in the dataset were mixed before being split into
train and validation sets. The training set consists of ~1100 samples (4 folds)
whereas the validation set consists of ~280 samples (1 fold) according to 5-
fold cross-validation method. These results indicated the discriminative
capability of the dataset into two groups “normal driving” and “braking

intention”.
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Fig. 4-5 (a) Accelerometer and gyroscope data for 10 min of driving, with
indicators for normal driving and emergency braking events; (b) Features of
the standard deviation of the windowed data: gyroscope features (top) and
accelerometer features (bottom); (c) Distribution of the time interval between
two consecutive braking events generated by the driving simulator; and (d)

Reaction time measured by the driving simulator.

4.6 Results and Discussions
46.1 IMU Features

IMU sensor data obtained over approximately 10 minutes of driving
during the reaction test are shown in Fig. 4-5. Obviously, emergency braking
events are clearly observed by abrupt changes in the amplitude of the signals
(both accelerometer and gyroscope sensors). On the other hand, there are no
significant amplitude variation during normal driving scenario (Figure 5(a),
bottom). The IMU features were automatically obtained by sliding the 1-s data
window along the sensor data. As shown in Fig. 4-5(b), if the standard
deviation of the segmented data exceeded the predefined threshold, the sample
was labeled as “braking intention.” Meanwhile, if the standard deviation was
lower than the threshold, the sample was labeled as “normal driving.” In this
study, the standard-deviation thresholds for the gyroscope and accelerometer
sensors were set as 120 and 12, respectively. Fig. 4-5(c) shows the distribution
of the time interval between two consecutive braking events generated by the
simulator software. The average value was calculated to be approximately 23
s. This is reasonable because the interval is long enough for the subject to calm
down after facing the emergency situation. The average reaction time of the

drivers to the emergency situation was calculated to be approximately 0.88 s
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(Fig. 4-5(d)). The driving simulator calculated this value by measuring the
time interval between the emergency-stimulus onset and the onset of the

executed braking event.
4.6.2 EEG Features

Fig. 4-6 compares the PSD-based features of five EEG bands over
eight channels between the normal driving and the emergency braking
intention situations for subject 4. In general, the relative band powers of the
five EEG bands were significantly or marginally different for many channels
between these two situations. For instance, the relative power of the delta band
was significantly different for channel F3 (p < 0.05) (Fig. 4-6(a)). In the case
of the theta band, the largest difference in the relative power was observed for
channel P3 (p <0.05) (Fig. 4-6(b)). A marginal difference in the relative power
of the alpha band was observed for channels F3 and F4 (p = 0.07 and p = 0.06,
respectively) (Fig. 4-6(c)). The relative power of the beta band was
significantly different for channel O2 (p < 0.05) (Fig. 4-6(d)). Similarly, in the
case of the gamma band, significant differences in the relative power were
observed for channels F4 and O2 (p < 0.05) (Fig. 4-6(g)).
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Relative Power Ratio

Fig. 4-6 Comparison of the relative EEG power of eight channels between
two situations: normal driving and braking intention: (a) Delta, (b) Theta, (c)

Alpha, (d) Beta, and (e) Gamma bands.

4.6.3 System Performance

Fig. 4-7 compares the system performance between the band power-
based and AR-based features. The performance was compared based on
several metrics, including receiver operating characteristic (ROC) curve,
accuracy, sensitivity, and specificity. Accuracy, sensitivity, and specificity are

calculated based on the confusion matrix as follows:

(4.5)
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where TP, TN, FP, and FN represent true positive, true negative, false positive,
and false negative, respectively. According to the results, the ROC for the AR-
based classifier indicated better performance than that for the band power-
based classifier owing to its larger area under the curve (AUC) (i.e., 0.96 vs.
0.78) (Fig. 4-7(a)). In particular, the band power-based model achieved a
classification accuracy of 67%, a sensitivity of 51%, and a specificity of 78%
during validation. On the other hand, a classification accuracy of 90.8%, a
sensitivity of 88.4%, and a specificity of 91.8% were achieved with the AR
model-based classifier. These results were obtained under five-fold cross-
validation with 50 neurons configuration of the hidden layer, 0.125-s step size,
and 1000-ms pre-braking period. A comparison of the system accuracy
between the two aforementioned types of features with respect to the number
of neurons of the hidden layer is shown in Fig. 4-7(b). In all the cases, the
average accuracy during the five-fold cross-validation was higher for the AR-
based classifier than for the band power-based classifier. The model exhibited
the highest accuracy with a 50-neuron hidden layer. As a result, a network
configuration with 50 neurons of the hidden layer was employed for analysis,
as described later. Owing to its better performance, the AR-based feature was
selected for the system configuration. Cross-entropy loss curves during
training and validation of the neural network classifier utilizing AR model-
based feature is shown in Fig. 4-7(c). The best cross-entropy loss during
training was achieved at 0.14 after 90 epochs resulting in 92.6% accuracy.
Accordingly, this well-trained model yielded a testing accuracy of 90.8% with

corresponding cross-entropy loss of 0.35.

As mentioned previously, an important step in AR modeling is
selecting an appropriate AR order number. If the AR model order is too low,
the signal can be lost. On the other hand, if the order is too high, a large amount

of noise is captured [73]. Model orders of 5 and 10 appear to best track the
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dynamics of the low-frequency band of EEG signals [74]. Fig. 4-8 compares
the system performance among different AR orders (from 3 to 20) (step size
was set to 0.125 s). Typical ROC curves for different classifiers utilizing
different AR orders are shown in Fig. 4-8(a). According to these results, the
highest performance of the model was achieved with AR orders of 10, 11, 12,
14, 15, 16, 17, and 19 (AUC > 0.94). The AR orders of 3, 4, 5 and 6 yielded
the worst model performance. A comparison of the system accuracy among
these different AR orders during five-fold cross-validation is presented in Fig.
4-8(b). The results showed that the model achieved an accuracy above 80%
with higher AR orders (from 7 to 20). However, in comparison with the lower
AR orders, the five-fold cross-validation results indicated a greater variation
of the system accuracy in cases of high AR orders. To achieve high accuracy
of the system, the order of the AR feature extractor was selected as 10 for the

remaining of the paper.
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Fig. 4-7 Performance comparison of the model between band power-based
and AR-based features for subject 4: (a) ROC curves for the band power-
based and AR-based classifiers; (b) System accuracy with respect to the

number of hidden neurons in the ANN model; (c) Cross-entropy loss during

training and testing of the AR model-based classifier.
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Fig. 4-8 System accuracy with respect to the AR order number: (a) ROC
curves for different AR classifiers with different AR order numbers; (b)

Average system accuracies during five runs of the neural-network model.
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Fig. 4-9 shows the effect of the step size on the system accuracy. We
estimated the computational time of the system for each single cycle of feed-
forward computation (prediction) to be approximately 48 ms. Hence, three
different step sizes including 62.5 ms (8 samples), 125 ms (16 samples), and
250 ms (32 samples) were investigated to obtain the best system performance
with regard to the detection accuracy and detectable time. For all subjects, the
system exhibited the best accuracy (approximately 95%) with a short step size
of 62.5 ms. A significant accuracy reduction occurred when the step size
increased for most subjects, with the exception of subject 9. There was no
significant difference in the accuracy between the step sizes of 125 and 250

ms, except for subjects 1 and 9. Thus, the step size of 62.5 ms was selected for

the system.
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Fig. 4-9 System accuracy with respect to the analysis step size for 10

subjects.

82



As mentioned previously, one of the hidden variables in the evaluation
of the system is the neurophysiological response time to the emergency event
after the onset of the emergency stimulus. To investigate this parameter, we
evaluated the system with different pre-braking periods, which were labeled
as braking-intention samples. Fig. 4-10(a) shows a comparison of the
classification performance of the model among these cases, based on the AUC.
Obviously, the model exhibited the highest performance with pre-braking
periods of 200 and 400 ms, followed by 600 and 800 ms (AUC > 0.95). The
lowest performance of the model occurred in the case of a 1000-ms pre-
braking period (AUC = 0.86). Fig. 4-10(b) shows the system performance
(indicated by the average AUC) with respect to the pre-braking period for 10
subjects. The data were obtained using five-fold cross-validation. The system
exhibited good performance with the 400- and 600-ms pre-braking periods for
most subjects. The largest AUC of 0.989 was obtained with the 600-ms pre-
braking period. The results indicated that the neurophysiological response
occurred approximately 600 ms before the onset of the executed braking event.

The model evaluation via online testing during 10 minutes of driving
is shown in Fig. 4-11. These results were obtained with the best configuration
of the model based on the offline evaluation: an AR feature extractor with
order 10, 50 neurons in the hidden layer, a 600-ms pre-braking period, and a
step size of 62.5 ms. Accordingly, the system exhibited an accuracy above 90%
for subjects 1, 2, 4, 5, 6, 9, and 10. The lowest accuracy occurred in the case

of subject 8 (~87%). The average accuracy for the 10 subjects was 90.8%.
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Fig. 4-10 Labeling the braking intention samples within different pre-braking
periods: (a) ROC curves, (b) AUC of AR classifiers with respect to pre-
braking period for 10 subjects.
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Fig. 4-11 Accuracy of the proposed system in online testing for 10 subjects.

4.7 Conclusion

In this chapter, we developed a novel system using EEG signals for
detecting the emergency braking intention (emotion) during simulated driving.
The detection kernel was based on machine learning using a multilayer
perceptron neural network. The feature extraction was based on AR model and
EEG band power approaches. It turned out that the AR-based feature
outperformed the band power-based feature with regard to classification

accuracy.

The experimental results indicated that the combination of the AR
feature extractor and the neural-network classifier achieved better

performance in comparison with that utilizing the EEG band power-based



feature. Experimental results for 10 subjects showed that on average, the
proposed system could detect the emergency braking intention approximately
600 ms before the onset of the executed braking event, with an accuracy of
91%. The highest detection accuracy of the proposed system was obtained
with a 600-ms pre-braking period highlighting the most likely physiological
response after the onset of the emergency braking situation. On the other hand,
with a 1000-ms pre-braking period, the system yielded the lowest detection
accuracy. Since the average reaction time was measured (by the simulated
software) to be 880 ms after the onset of the emergency stimulus, the low
accuracy of the system, in this case, might have resulted from overlapping
windows between “braking intention” samples and the “normal driving”

samples (before the stimulus).
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Chapter 5

5 Negative News Recognition During Social Media News

Consumption Using EEG Signals

5.1 Introduction

Emotion is a complex psychological state associated with the nervous
system and results in physical and psychological changes that influence
thought and behavior [75], [76]. Over the past decade, research on emotion
has increased significantly across many disciplines, including psychology,
neuroscience, sociology of emotion, and computer science. Many of those
works have focused on exploring the neural mechanisms of emotion [77] [80].
Consequently, the neural signature of emotional states has been uncovered.
Following that, it was employed in many works in an attempt to detect
emotional states of humans [10] [13]. Current areas of research in the field
include the development of materials or databases that stimulate and elicit
emotion. For instance, IADS [81], IAPS [82], and DEAP [83] are among the
most popular databases which have been used in previous studies. To the best
of our knowledge, brain activity associated with emotion during online news

reading remains mostly unexplored.

Nowadays, with the rapid growth of social media, people who are with
social media interaction can suffer from many mental health problems for
prolonged involvement in social media news. In addition, negative and horrific
information from the social media accessed in a long duration can have an
adverse impact on the users. The current study attempts to detect the negative
emotional state of users during their scanning of huge social information
across social media. Considering real-world applications, in this study, we

focus on finding indirect metrics for online study of emotional nature during
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social news consumption. Particularly, to train our proposed artificial
intelligence model, the EEG dataset was collected while the users were
reading online news across many popular social media sites such as Facebook,
Fox News, Google News, Reuters, etc.

Recently, many diseases (including mental diseases) are reported to be
associated with emotions [84] [87]. Hence understanding the neural
mechanisms of emotion may provide active feedback during their treatment.
Over the last decade, a large variety of physiological signals including heart
rate, facial expression, galvanic skin response (GSR) and respiration rate (RR)
have been used to recognize different emotional states of humans [2] [5].
Alternatively, encephalogram (EEG) seems to be another promising
physiological signal which has recently emerged in the field. In particular,
EEG has been widely used in recognizing and monitoring physical conditions
or mental states of human such as drowsiness [6], [7], mental workload [8], [9]
and emotion [10] [13]. It is completely reasonable because any decision or
activity of human originally results from neural activity. In other words, by
examining neural activity, we can predict what people are thinking or which
choice they are going to make before it actually happens. Hence, developing
artificial intelligence (Al) which has an ability to capture neural activity
patterns for understanding human emotions can provide active responses to
specific emotion as well as assistance to people in making decisions in their
daily lives. Particularly, people benefited from our proposed system by getting
an early warning during consuming negative news which may prevent them

from mental problem suffer.

In recent studies, several types of features were introduced in an
attempt to recognize human emotions. For instance, [33] investigated emotion

using entropy analysis of wavelet-based decomposed EEG signals. That work
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extracts energy and entropy from each frequency band (i.e., theta, alpha, beta,
and gamma) as the features. In another work, differential entropy was
introduced as an effective feature for emotion recognition [11]. That work
investigates critical frequency bands as an attempt to recognize three emotions:
positive, neutral, and negative, and the best accuracy of 86.65% was achieved
showing the existence of neural signatures of emotions. On the other hand,
major works mainly focus on using band power analysis of critical EEG bands
based on PSD (i.e., delta, theta, alpha, beta, and gamma) to detect human
emotion [11], [88], [32]. With the current work, we take a deep investigation
to the human emotion by carrying out quantitative evaluations of seven
different features based on both Fourier and wavelet transforms. Consequently,
it provides a detailed comparison of performance among these features in
recognizing emotional states of humans. In coupling with those kinds of
features, Support Vector Machine (SVM) and Multi-layer perceptron (MLP)
classifiers which are among popular machine learning approaches are
employed for recognizing emotions. Compared to Linear Discriminative
Analysis (LDA), SVM is more powerful since it aims to find the optimal
hyperplane that maximizes the margin between two classes. On the other hand,
neural network has emerged as a powerful algorithm that has surpassed other
algorithms to dominate the machine learning field. A network that is “deep”
enough (i.e., number of hidden layers and neurons are large enough) can be
used to approximate any nonlinear function [37]. Hence in this paper, we
compare the performance of our proposed system between the SVM-based and
MLP-based implementations. Aside from evaluating the detection of online
news reading-induced emotions, we also explore the feasibility of recognizing
emotion during the imagination of the news. Based on that, we compare the
physiological effect of the negative news on the brain during “online” reading

and “offline” imagination.
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In this study, the EEG signals are sampled at 128 Hz which are fast
enough to handle the frequency range of interest (i.e., delta (1-4 Hz), theta (4-
8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and low gamma (30-60 Hz)).

Recent studies suggested that human emotion can be strongly captured
from temporal regions [11], [13]. Therefore, in this study, we acquire EEG
signals from eight symmetrical temporal electrodes (i.e., F7, F8, FT7,FT8, T7,
T8, P7, and P8) according to the 10-20 international system, as shown in Fig.
5-1(b).
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Fig. 5-1 (a) Photograph of the custom-design eight-channel EEG headset
with flexible cap. (b) Position of eight symmetrical temporal electrodes (F7,
F8, FT7, FT8, T7, T8, P7, P8) selected in the current work.
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5.2 Experimental Paradigm

Five male and five female subjects (aged from 26-35) participated in
the experiment. All the subjects are young undergraduate/graduate students
from the university who are familiar with using social media as they use in
their daily life. All participants were physically healthy and had no problem
with visual impairment. All subjects were seated on a comfortable chair in
front of a personal computer. To select participants for the experiment, we
conducted a simple survey to evaluate their characters. Several questions have
been used to ask the subjects: “Do you love peace and hate war?””; “Are you
scared of blood?”; “Do you like animals?”; “Do you hate terrorism?”; “Do you
like sports?” etc. Based on their answers to this questionnaire, we selected 10
participants who had comparable results. All the participants have a similarly
high level of English. If the subject did not fully understand the news, they
were shortly explained about the news during the trial. Typically, a news
article of social media has its own photo, a highlighted headline and a short
paragraph describing its major content. Hence, we create the news dataset by
capturing the image of each article which includes the typical photo, the
highlighted headline, and its short major description. It is noted that all the
information is captured to be clear enough so that the subjects can easily read

them.

To start a trial, the subject was asked to follow the instructions
displaying on the screen. The first 10 seconds was the hint of starting a new
trial. Following that, social news was randomly displayed on the screen for 22
seconds (Fig. 5-2). We estimated the time cost for each trial to ensure that the
subject had enough time to read the article. Totally, there were 30 social
articles for each group (i.e., negative and positive/neutral news) chosen across

Facebook, Fox News, The New York Times, and Google News. These
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collections of articles were selected from different genres: crime and law,
science and technology, entertainment, and life science. All articles were
mixed in a folder and randomly selected for each trial. The subject was
instructed to read the news while wearing the EEG headset. All subjects were
asked to fully focus on the news reading task exactly like they were surfing
social networks. After finish the “online” reading task, the subject was asked
to recall the news which they just read by imaging it with their eyes closed.
This task is conducted to address the psychological signature of emotional
states during the imagination of negative information in comparison with the
real consumption of negative information. Moreover, after each trial, the
subject was asked for a self-assessment of the news which they just read. This
self-reported measure of emotional states helps to categorize the news into
negative or neutral/positive groups. There was 20-s rest given between two

consecutive tasks.
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Fig. 5-2 (a) Protocol of the experiment with total 30 trials. (b) Experimental

setup with negative news reading (middle) and positive news reading (right).

5.3 Feature Extraction and Emotion Index

Eight-channel EEG signals captured from our custom-design headset
were band-pass filtered from 1 to 60 Hz to remove unrelated noise. In each
trial, the whole EEG data were segmented into 0.5-s window segments without
any overlap between two consecutive ones. The filtered segmented EEG data
cover five EEG bands of interest including delta (1-4 Hz), theta (4-8 Hz), alpha
(8-13 Hz), beta (13-30 Hz), and low gamma (30-60 Hz). After that, seven
feature extraction methods that are presented in the following parts were

applied to extract features of interest for emotion recognition.
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5.3.1 Frequency-point feature based on Discrete Fourier transform
(DFT)

The first feature (Feature 1) is based on the frequency domain and is
obtained using the fast Fourier transform (FFT), which is a popular
nonparametric approach for computing power spectral density (PSD) of a
signal. Particularly, a 256-point Fast Fourier Transform (FFT) was performed
on every 0.5-s segmented EEG data resulting in 128/256 = 0.5 Hz frequency
resolution in the frequency domain. The PSD of the segmented EEG data was
computed by simply taking the square of the absolute magnitude of its Fourier
transform. Consequently, we obtained a feature with a size of 952 (i.e., 119

frequency points x 8 channels) for each data sample.
5.3.2 Asymmetry in frequency point of electrode pairs based on DFT

Based on the first feature, the second feature (Feature 2) takes into
account the power asymmetry of the symmetrical electrode pairs on the
temporal lobes. The feature was obtained by subtracting the PSD points of the
right channel from the left channel in each pair. Totally, we obtained a feature
with a size of 476 (i.e., 119 frequency points x 4 electrode pairs) for each data

sample.
5.3.3 Relative Band Power based on DFT

This feature (Feature 3) was obtained by summing up all PSD
coefficients corresponding to each EEG frequency band (i.e., delta (1-4 Hz),
theta (4-8 Hz), alpha (8-14 Hz), beta (14-30 Hz), and low gamma (30-60 Hz)).
All these PSD coefficients are obtained from the first feature. Based on that,
we compared the difference of the relative power spectra of each EEG band
between two emotional states (negative vs. neutral/positive emotions) for all

eight channels. The relative power of each EEG band is computed as follows:
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= , (5.1)

o,

where and represent absolute and relative EEG power of band i*" (i
=1,...,5 corresponding to the delta, beta, alpha, theta, and gamma bands,

respectively).
5.3.4 Asymmetry in band power of electrode pairs based on DFT

Previous studies [89], [90] suggested that the frontal alpha asymmetry
(FFA) is directly related to emotional states. In those such works, FFA is
considered as a metric during qualifying emotions. On the other hand, [91]
highlighted the link between the beta band and the cognitive processing of the
brain. Hence, it is reasonable to suggest that emotional states may also be
visible in the theta, alpha, beta, and gamma bands. In the current work, we
investigate the asymmetry of band power (delta, theta, alpha, beta, and gamma)

of electrode pairs based on PSD analysis.

To compute this feature (Feature 4), we based on the absolute band
power of each EEG band. Then the feature was obtained by subtracting each
absolute band power of the right channel from the left channel for each pair.
As a result, we obtained the feature with a size of 20 (i.e., 5 EEG bands x 4

electrode pairs) for each data sample.
5.3.5 Relative band power based on discrete wavelet transform (DWT)

The DWT decomposes the signals into a set of approximate (Ai) and
detailed (Di) coefficients of i level. For instance, in this work, every

segmented EEG data was decomposed into four levels by DWT using db4
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mother wavelet function, as shown in Fig. 5-3. Accordingly, the delta band is
associated with the approximate coefficient cA4 of which the frequency ranges
from 0 to 4 Hz. On the other hand, theta, alpha, beta, and low gamma bands
are associated with the detail coefficient cD4 (4-8 Hz), cD3 (8-16 Hz), cD2
(16-30 Hz), and cD1 (32-64 Hz), respectively. The band power was calculated
by summing up all squaring wavelet coefficients for each band. Finally, the
relative power of each EEG band (Feature 5) was computed based on formula
(5.2).

EEG segment
(0-64 Hz)
0-32 Hz EEG 32-64 Hz EEG
(cAl) (cD1)
I Gamma
0-16 Hz EEG 16-32 Hz EEG
(cA2) (cD2)
| Beta
0-8 Hz EEG 8-16 Hz EEG
(cA3) (cD3)
| Alpha
0-4 Hz EEG 4-8 Hz EEG
(cA4) (cD4)
Delta Theta

Fig. 5-3 Wavelet decomposition levels of segmented EEG signals and their

corresponding frequency ranges.

5.3.6 Asymmetry in band power of electrode pairs based on DWT

This feature (Feature 6) was computed with the same manner of
Feature 3 except for the power calculation, which was based on wavelet

transform instead of Fourier transform.
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5.3.7 Entropy of band power based on DWT

To compute this feature (Feature 7), first, the relative band power was
calculated based on wavelet transform (refer to Fig. 5-3). Then, the Shannon
entropy was calculated to measure the randomness of the EEG band power as

follows:

= -3 Zlog( 2, (52)

where represents the relative band power of band i" (i = 1,...,5
corresponding to the delta, beta, alpha, theta, and gamma bands, respectively)
and Ent is the entropy.

5.3.8 Emotion Index

As mentioned previously, that emotional states are associated with the
critical frequency bands (delta, theta, alpha, beta, and gamma). Therefore, it is
reasonable to define a quantitative index which may reflect the emotional
states based on these EEG bands. For visualization of EEG features, we define
the emotion index given by a summation of power ratios obtained from

segmented EEG data for each emotion as follows:

= —-4+—-4+—-+—-+- (5.3

where , , , ,and represent the absolute delta power, theta power, alpha

power, beta power, and gamma power of segmented EEG data, respectively.
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5.4 Dimensionality Reduction

The high dimensionality of features may make classifiers suffer from
the “curse of dimensionality” [92], as well as consume a lot of resources
during training and testing. To improve the stability as well as to enhance the
computational speed of the model, dimensionality reduction on the feature has
been widely used [93], [94]. However, performing dimensionality reduction
normally results in accuracy reduction [93], [94]. In the current work, principal
component analysis (PCA) is performed on the features during SVM
classification for result visualization purposes. In a PCA implementation,
high-dimension data are projected to a low-dimension space using orthogonal
transformation. The best two principal components (the highest variance of
the data in such directions) are selected for classification (principal component
1&2).

5.5 Classification algorithms
5.5.1 Neural Network Classifier

As mention earlier, the current work employed MLP as the
classification algorithm. The reason we choose “neural network™ is that it can
approximate any non-linear function; hence it can replace some popular
machine learning approaches such as LDA, SVM. Fig. 5-4 demonstrates the
network structure used in the current study. The proposed neural network
model comprises three layers, including input, hidden, and output layers. The
size of the input layer of the network varies and equals that of each input
feature. The hidden layer comprises 128 neurons. Sigmoid is chosen as the
activation function of the hidden neuron, whereas softmax is chosen as the

activation function of the output neuron. In conjunction with the softmax
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classifier, cross-entropy is chosen as the loss function to evaluate the quality

of the neural network.

Input Hidden

2-class: Negative vs.
Neutral/Positive

Xn+1

Fig. 5-4 Neural Network structure for 2-class classifier (negative versus

neutral/positive emotions).

In the current work, five-fold cross-validation is conducted to
statistically evaluate the performance of the proposed model as well as
preventing the model from overfitting. Accordingly, the dataset is randomly
split into five folds. Four folds are merged to form a training dataset. The
model is trained to fit this dataset. The rest fold is used as the testing dataset.
Average error and accuracy of 5-fold cross-validation during testing phase is
evaluated.

5.5.2 Support Vector Machine

Alternatively, SVM was used as the second machine learning approach
to compare its performance with the MLP classifier. SVM is powerful in
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binary classification problem compared to LDA since it aims to find a
hyperplane which maximizes the margin between two classes. Radial-basis-
function (RBF) is used as the kernel of the SVM classifier owing to its

advantage of inducing nonlinear decision boundary compared to a linear SVM.

The solution of the SVM is obtained from an optimization problem:
1
maxy -3 . ) (5.4)

subject to
0 < for and} 0,
where ( , ) isthe given j" training point, and k is the kernel function.

The decision function is solved using the Lagrangian function as:

()=2 (.,)+ . (5.5)

5.6 Results and Discussion
5.6.1 EEG Features

Fig. 5-5 compares the average emotion index over eight channels
between negative and neutral/positive emotions across ten subjects. A
significant difference in the emotion index was found in channel F7, P7, and
P8 (p < 0.05). On the other hand, a comparison of the relative band power
between negative and neutral/positive emotions for each channel across ten
subjects is depicted in Fig. 5-6. In general, the relative band powers of five
EEG bands were significantly or marginally different over many channels

between these two cases. For instance, the relative power of the alpha band
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was significantly different over channel F7, FT7, FT8, and T8 (p < 0.05). In
the case of the gamma band, the largest difference in relative power can be
observed over F7 and T8 channels (p < 0.05). Those such T-test results have
demonstrated the discriminative capability between negative and

neutral/positive emotional states which is confirmed in the classification part.

Emotion Index

F7 F8 FT7 FT8 T7 T8 P7 P8
Channel

B Negative 0 Neutral/Positive

Fig. 5-5 Average emotion index comparison between negative and

neutral/positive emotions across 10 subjects.
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Fig. 5-6 EEG feature comparison by means of relative band power of eight

channels between negative and neutral/positive emotions.

5.6.2 Classification Results

Fig. 5-7 shows the classification results for one subject. The decision
boundary resulting from the SVM classifier utilizing Feature 2 is shown in Fig.
5-7(a). In this graph, after performing PCA to reduce the feature dimension,
we selected principal components 1 and 2 (i.e., the best components for
discriminative capability due to their largest variances featuring the data
according to PCA algorithm) for visualizing the feature distribution.
Accordingly, the featured data are nicely separated in the feature coordinates
by the non-linear decision boundary (i.e., RBF-kernel SVM). Consequently, a

classification accuracy of 91.8% was achieved in this case. Moreover, the
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classification performance for all features using SVM is depicted in Fig. 5-7(b)
by means of receiving operating curve (ROC). ROC is one of the most popular
tools for evaluating classification performance in machine learning. From the
ROC, an important metric for evaluating the performance of a classifier is the
area under the curve (AUC). As aresult, SVM classifier adopting seven above-
mentioned features induces an AUC of 0.61, 0.95, 0.51, 0.94, 0.93, 0.69, 0.92
for Feature type 1, 2, 3,4, 5, 6, 7, respectively. Apparently, in this case, Feature
2 achieves its best performance compared with those of the rest.

In another scenario, the loss curves during training and testing of the
MLP classifier in one fold are shown in Fig. 5-7(c). Obviously, there was no
significant difference in the loss between training and testing, highlighting no
overfitting of the model. Moreover, these two loss curves approaching 0 after
66 training epochs showed that the model had well converged. The ROC
curves for all MLP classifiers adopting the seven above-mentioned features
are shown in Fig. 6(d). In this case, Feature 1 yields the best performance of
the model due to its biggest AUC of 0.999 compared to those of feature 2, 3,
4,5,6,7(i.e., 0.997,0.996, 0.995, 0.998, 0.969, 0.958 and 0.941, respectively).
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Fig. 5-7 (a) Decision boundary of SVM classifier in classifying negative and

neutral/positive emotions utilizing Feature 2 (frequency-point asymmetry of

electrode pairs). (b) ROC curves for the SVM classifier utilizing seven

different types of features. (c) Loss curve of the neural network model

utilizing Feature 2 during training and testing (the best loss was obtained at

epoch 66). (d) ROC curves for the MLP classifier utilizing seven different

types of features.

Table 5-1 lists the classification results of the SVM and MLP models

for all ten subjects. According to it, the MLP classifier achieves its better

performance (i.e., average classification accuracy across ten subjects) in



comparison to the SVM classifier for all features. Moreover, the combination
of Feature 1 and the MLP classifier appears to be the best choice for emotion
classification in this work. Specifically, on average, an accuracy of 93.95%
was achieved for negative emotion recognition across ten subjects. Hence, the
MLP classifier adopting Feature 1 was chosen as the emotion recognition
model in the remaining of the paper. Basically, the performance of a machine
learning algorithm doesn’t only depend on the advantages of the algorithm
itself but also the characteristics of the dataset. Hence, the better performance
of the MLP classifier in comparison with the SVM classifier, in this case, may
result from the characteristics of the emotion-induced EEG data. Moreover,
one disadvantage of the MLP is that it requires tuning the number of hidden
neurons to obtain the best performance. Therefore, several configurations of
the network have been tested before finally obtaining the optimal
configuration of 128 neurons of the hidden layer of the MLP as described

previously.
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Table 5-1 Comparison of classification accuracy (%) between SVM

and MLP classifiers for 10 subjects.

Feature

Subject 1 2 3 4 5 6
SVM MLP SVM MLP SVM MLP SVM MLP SVM MLP SVM MLP SVM MLP
1 73.08 93.10 | 76.03 86 83.12 91.22 79.80 87.04 | 73.72 80.77 51.12 75.03 | 73.72  79.10
2 93.83 99.69 | 91.67 98.15 97.22 99.07 92.59 100 67.90 71.30 | 67.28 92.59 78.7 93.21
3 95.99 99.38 | 90.74 97.84 | 93.52 98.15 929 100 7191 7191 72.84 91.98 | 74.07 91.36
4 61.74 73.67 56.63  65.72 66.48 70.83 58.52  63.45 59.66  58.33 52.27 62.69 | 59.09 57.01
5 73.67 99.05 | 94.32 9754 | 57.58 95.27 94.13  96.78 85.04 85.61 65.91 89.58 | 85.98 86.93
6 63.64 85.80 | 61.17 7292 61.93 75.19 65.34  72.73 63.83 62.12 56.44 68.75 | 6155 6250
7 83.14 91.10 | 75.95 92.42 79.55 94.13 87.31 93.75 54,17  85.98 69.51 89.20 | 79.55 87.12
8 84.85 100 83.14 100 80.68 100 88.64 100 53.60 68.18 67.42 89.58 | 67.99  71.40
9 56.63 98.77 | 55.30  99.07 66.86 98.15 55.49  98.77 61.17  67.59 51.33 92.28 | 65.15 90.43
10 61.17 99.05 | 68.56  99.43 74.05 99.62 7386 97.16 62.69 61.93 62.31 67.80 | 6591 63.64
Mean 74.77 9395 | 75.35 90.91 76.09 92.14 78.86  90.96 65.37 7137 61.63 81.95 | 7117 78.26
Std 14.13 8.57 1462 12.25 13.15 10.51 1474  12.87 9.60 9.85 8.20 11.94 8.65 13.57

Fig. 5-8 compares the classification accuracy between male and female
groups. Consequently, on average, female subjects are more likely emotional
than male subjects (i.e., 95% accuracy for the female group versus 92.9%
accuracy for the male group). However, statistically, no significant difference

was found between them (p = 0.38).

100
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Fig. 5-8 Comparison of classification accuracy between male and female

subjects.
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To find the most suitable time window length for the model, we
investigated the classification performance across participants with four
different window lengths of 0.5s,1s, 1.5 s, and 2 s. It is noted that the MLP
classifier adopting Feature 1 was used for this evaluation. The classification
results are described in Fig. 5-9. Apparently, on average, the model adopting
1-s EEG segmentation achieved the highest classification accuracy (i.e.,
94.73%) in comparison with those of the others (i.e., 93.38%, 92.39%, and
92.55% for 0.5-s, 1.5-s, and 2-s time windows, respectively).

Confusion matrices of the SVM and MLP classifiers are presented in
Fig. 5-10. The SVM classifier misclassifies the negative emotion as the
neutral/positive emotion at the rate of 23.6% (Fig. 5-10(a)). Moreover, the
model misclassifies the neutral/positive emotion as a negative emotion at the
rate of 24.1%. As a result, it achieved a classification accuracy of 76.1%, a
sensitivity of 75.9% and a specificity of 76.4% during validation. On the other
hand, as shown in Fig. 5-10(b), the MLP classifier misclassifies the negative
emotion as a neutral/positive emotion and vice versa at a rate of 1.5% and 0%,
respectively. It turns out that a classification accuracy of 99.2%, a sensitivity
of 100% and a specificity of 98.5% during validation were obtained by the
MLP model.
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Fig. 5-9 Classification accuracy with respect to window lengths for ten
subjects. Note that the results were obtained with MLP classifier and feature

type 1 (frequency-point based on PSD).

As mentioned earlier, to address the psychological signature of
emotional state during the imagination of negative information, we also
investigated the detection performance of the model in such the case. As
shown in Fig. 5-11, there was a significant difference in the classification
accuracy between the news reading-induced and the news imagination-
induced emotions (p < 0.05). It is concluded that the imagination of negative
news may induce a bad psychological effect on the brain but less likely than
the online negative news reading.

109



Negative  Neutral/Positive

Negative

Neutral/Positive

()
Negative  Neutral/Positive

Negative

Neutral/Positive

(b)

Fig. 5-10 Classification accuracy Normalized confusion matrices of: (a)

SVM and (b) MLP classifiers. Each row of the confusion matrices

represents the target class and each column represents the predicted

class. Note that, these confusion matrices were obtained based on

Feature 1, 1-s window length and for subject 5.

5.6.3 Subject-Dependent/ Independent

It is more powerful for a machine learning model if it is trained on a

dataset of some subjects and then be used for new data from new subjects. To

make the proposed model more practical in real-life applications, we also

conducted the leave-one-out cross-validation for all participants. Fig. 5-11

compares the detection accuracy of the model between subject-dependent and

subject-independent strategies. Basically, in the subject-dependent strategy,

the model was trained and tested on the dataset of the same subject. On the
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contrary, in the subject-independent strategy, the data samples of one
participant were taken out as the test set, and the model was trained to fit the
dataset from the rest of the participants. This process was repeated for all
participant’s data. As shown in Fig. 5-11, an average accuracy of 76.8% were
obtained for the subject-independent strategy, which was statistically lower
than that in the case of the subject-dependent strategy (i.e., 95.2%) during
online news reading. Similarly, on average, an accuracy of 61.2% was
achieved in the case of the subject-independent strategy compared to 86.8%
of that in the case of the subject-dependent strategy during news imagination.
As expected, the subject-independent approach was outperformed by the
subject-dependent one in terms of classification accuracy. However, the
detection accuracy of the subject-independent model remained comparably
high (i.e., 76.8%) showing the feasibility of implementing a negative

emotional state recognition model in real-world applications.
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Fig. 5-11 Comparison of classification accuracy between news reading-
induced and news imagination-induced emotions for both subject-dependent

and subject-independent strategies across 10 subjects.

5.7 Conclusion

In this chapter, we have developed a novel detection system of
negative emotional states in humans during social media news consumption.
The scope of this chapter is only focus on offline analysis. The system consists
of a custom-designed EEG headset acquiring EEG signals of 8 symmetrical
channels from temporal regions. The detection kernel is based on machine
learning approaches using a multi-layer perceptron neural network. Compared
to several recent works on emotion recognition [32], [33], we take a deep
insight into the EEG data by investigating seven different types of EEG
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features which based on both Fourier and wavelet transforms. It turned out
that the PSD-based frequency-point feature is chosen as the best feature in
combination with the MLP classifier for the final detection model since it

outperformed other features in terms of recognition accuracy.

Experimental results for ten subjects showed that on average, the
proposed system could detect a negative emotion during consuming social

media news as short as 0.5 s with high accuracy of 94%.

Nowadays, with the rapid development of social media, users can
suffer from mental illness and psychological disorders due to consuming
negative or horrible news. Hence, it is important to monitor the emotional
states as well as the mental health of the users. To the best of the author’s
knowledge, researches on exploring emotional states of users during
consuming huge information across social media remain mostly unexplored.
In [95], by observing users’ neural activity during social media news reading,
researches suggested that the frontal alpha asymmetry is a good proxy for
objective monitoring of interest in media contents. In this work, we have
introduced a detection system for early recognizing negative emotional states
resulting from negative news consumption to improve life quality as well as

to prevent unexpected mental illnesses.

Through this chapter, we also discovered that the imagination of
negative news was less likely than the negative news reading to effect on the
human brain. To make the model more robust in real-world applications, we
also applied the leave-one-out cross-validation strategy in evaluating the
proposed approach. The results showed that the detection accuracy during
leave-one-out cross-validation remained as high as 76.8%, indicating the

feasibility and practicality of the proposed system. On other words, the
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proposed model being trained with the dataset of some subjects can be applied

to predict emotional states of new subjects.

Finally, in the next chapter, we are going to transform the current
offline system to an on-line detection system for real-time emotional states
recognition of humans during consuming social media news, as an attempt to

apply it in real-life applications.
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Chapter 6

6 Real-Time Embedded EEG Device for Negative News
Recognition During Social Media News Consumption
Using EEG

6.1 Introduction

In this chapter, we continue the works have been done in chapter 5. In
chapter 5, we focused on offline analysis to validate the feasibility of the
proposed idea. Experimental results revealed that the negative emotional state
during surfing social media can be detected using EEG. The offline neural
network model provided a good detection accuracy of 94% in user-dependent
strategy. This good result was achieved using the frequency-point feature with
1-s time window. Alternatively, in this chapter, we applied a deep neural
network as the classifier. Two types of feature are investigated including
frequency-point and the conventional frequency-band features. To increase
the reliability of the work, the number of subjects who attend the experiments
also be extended to 14.

Most of recent works on EEG-based emotion recognition only focus
on offline classification [96]. However, most of them mainly focus on offline
analysis. Few studies applied online classification which is referred for real-
time scenarios [96]. Moreover, in those online works, the real-time
classification algorithm was implemented in end-user devices such as personal
computers (PC) and smartphones. The reason is that most of machine learning
libraries are available for smartphone/ PC-based implementation due to the
rich resources and high speed of the processor. On the contrary, very limited
works that implemented machine learning kernel on-chip [96]. To the best of
the author’s knowledge, our study is the first work that implements the on-
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chip real-time model which is more suitable for real-time scenarios of emotion
recognition applications. Compared to PC/smartphone-based real-time
systems, the proposed microcontroller-based real-time system allows us to
reduce the payload of the data to be transmitted to end-user devices. In other
words, the proposed system only sends the detection result to the end-user for
display or information purposes. Moreover, the proposed device itself can
work independently after being embedded with the pre-trained Al model
without further computational works in end-user devices. Hence, in rest of the
chapter, we focus on building on-chip artificial intelligence model for real-
time recognition of emotion. It majorly requires several steps including data
sampling, data pre-processing, feature extraction, and classification. All these
steps have to be done on-chip.

6.2 Experimental Setup and Paradigm

Fig. 6-1 shows the photograph of the proposed 8-channel EEG headset
along with the locations of 8 electrodes. In addition, the experimental setup
and paradigm were detail described in section “5.2 Experimental Paradigm”.
In this chapter, we also use the same experimental setup and paradigm but
extend the number of participants in the experiments to 14. Examples of
negative news and neutral/positive news articles are shown in Fig. 6-1 (1) (a),
and (b), respectively. As mentioned earlier, these news articles selected based
on several aspects and they are chosen from several famous social online news
channels such as Google News, The New York Time, Facebook, BBC news,
Breaking News, Channel Asia News.
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Fig. 6-1 (a) Photograph of our proposed 8-channel EEG headset, (b) location
of 8 electrodes, and (c) experimental paradigm for motion recognition.
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O A iy Vietnam students Invent air cleaning bicycle
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Fig. 6-1 (1) (a) Examples of negative news, and (b) examples of
neutral/positive news.

Fig. 6-1 (2) Photographs of experiments: female (top) and male (bottom).
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6.3 Offline Analysis
6.3.1 Feature Extraction of EEG Data

Based on results obtained from [97], in this work, we investigate two
different types feature including frequency-point and frequency-band features.
Frequency-band feature is the most popular feature which has been widely
used in EEG-based studies for decades. The reason is that each critical
frequency band (i.e., delta, alpha, theta, beta, gamma) involves in specific
mental functions of the brain. Therefore, by observing power variations of
each frequency band, researchers can extract information from human brain
[93], [98]. Alternatively, with the help of artificial intelligence, we explore the
complex a non-linear relations of neural pattern among channels by utilizing
the second feature which is frequency-point feature. The feature is obtained
by simply squaring all FFT coefficients of EEG data. The reason we pick this
feature is that it is a general and very primary feature. feature based on
frequency domain can be extracted from this primary feature. For instance, the
frequency-band feature can be extracted from the frequency-point feature by
simply summing up all squared FFT coefficients within specific frequency
band. Therefore, it is very reasonable to explore this primary feature thanks to
the help of artificial intelligence.

To discover the effects of window duration on the detection accuracy,

we also investigate 4 different time-window of analysis: 0.5, 1, 1.5, and 2 s.

The first stage of the training process is pre-process the data. Eight-
channel EEG data received from the proposed EEG headset via serial port are
saved to memory for further processing. The data acquisition step is done by
a C#-based GUI. Saved EEG data are loaded into Matlab software for feature
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extraction. Fig. 6-2, 3, 4 demonstrate the GUI design for multi-channel EEG

data acquisition.
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Fig. 6-2 Graphical User Interface written in C# for EEG data acquisition —
Serial COM port connection settings.
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Fig. 6-3 Graphical User Interface written in C# for EEG data acquisition —
Code.

Fig. 6-4 Graphical User Interface written in C# for EEG data acquisition —
Demonstration of 8-channel EEG display.
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In the pre-process step, EEG data are segmented into segmented EEG
data using above-mentioned time-window. Then, it is band-pass filtered from
1 to 59 Hz to remove artifact noises as well as to obtain the signal’s frequency
of interest. To reduce the computational cost, we remove the mean from the
segmented data to have a zero-mean data. Then, N-point FFT is performed on
the filtered EEG segments to obtain frequency spectrum of the signals. Since,
we aim to detect emotion as short as possible, four different window lengths
are investigated including 0.5, 1, 1.5, and 2 s. N is selected to be 64, 128, 192,
and 256 for 0.5-s, 1-s, 1.5-s, and 2-s, time-window resulting in a frequency
resolution of 0.5, 1, 1.5, and 2 Hz, respectively. The frequency-point feature
is computed by simply take the square of all FFT coefficients. In this way, we
obtain a feature size of 8 x 33, 8 x 65, 8 x 97, and 8 (channels) x 129 (FFT
coefficients), for 0.5-s, 1-s, 1.5-s, and 2-s, time-window, respectively. The
frequency-band feature is computed by simply summing up all squared FFT
coefficients within specific frequency band which are delta band (1-4 Hz),
theta band (4-8 Hz), alpha band (8-14 Hz), beta band (14-30 Hz), and gamma
band (30-60 Hz). As a result, the frequency-band feature has a size of 8
(channels) x 5 (frequency bands) for all different time-window. All data
samples of both features are carefully labelled as *“neutral/positive” or
“negative” corresponding to the input stimulation news photo. The dataset
including data and their labels are save to PC memory as text files to be ready

for the training step.
6.3.2 CNN Model Training

The training dataset is loaded into Python-written CNN model for
training. Both user-independent and user-dependent strategies are used for
validating the model. For user-dependent scenarios, we apply 4-fold strategy
for cross validating the model. Therefore, the entire dataset is split into training

122



set and test set in the ratio of 75:25. Each time, one fold is used for testing and
the rest four folds are used for training. As a result, the training process is
repeated 4 times and the average test accuracy is calculated as the performance
indicator of the model. On the other hand, for the user-independent strategy
(also called leave-one-out strategy), each training process, data from one
subject is used for testing and data from the rest 13 subjects are used to form
the training dataset. This training process is repeated 14 times corresponding
to the 14 test sets. The average test accuracy is used for validating the model

during leave-one-out cross validation.

The proposed CNN model is described in Fig. 6-5. It generally consists
of three layers, which are input layer, hidden layer, and output layer. The input
layer comprises two convolutional layers, namely convolutional layer 1 and
convolutional layer 2. Input samples are fed into the first convolutional layer
of the network using a 3x3 kernel filter. In total, 16 kernel filters are used. To
reduce computational time as well as to prevent the model from overfitting, a
max pooling layer is applied after each convolutional layer. To prevent the
model from over-fitting, dropping-out units with a 0.25 dropout rate are used
after pooling. The hidden layer consists of 16 fully connected nodes, while the
output layer has only two nodes corresponding to the “neutral/positive” and
“negative” classes. Dropping-out units with a 0.25 dropout rate are also
applied in the fully-connected layer. ReLu is used in convolutional layers and
fully-connected layer as the activation function, while softmax is used in the
output layer. In conjunction with the softmax classifier, cross-entropy is

chosen as the loss function.

The training uses an Adam optimizer of 0.001 with an initial learning
rate of ~“is used instead of other stochastic optimization algorithms to

update the network weights because it is currently recommended as the default
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algorithm to use in practice [99]. Moreover, Adam is relatively easy to
configure where the default configuration parameters do well on most
problems [100].

During the training process, the accuracy as well as the loss are
recorded for evaluation. It should be noted that the current deep learning model
is trained on a PC equipped with an Intel i7 3.4 Hz CPU, 8 GB RAM, and an
NVIDIA GeForce GTX 550 Ti GPU, and the implementation is CPU-based.
The network training is done thanks to Keras library with TensorFlow back-
end using Python.

Max Pooling 1
1 Dropout

i Max Pooling 2 s
o—J_ || =P NN

Neutral/Positive
Negative

Input Feature Convolutional Layer 1 Convolutional Layer 2 Fully Connected Layer

Fig. 6-5 CNN model scheme for emotional state classification with two

classes: neutral/positive and negative emotions.

6.3.3 On-chip Embedded of CNN Model

To implement the on-chip deep network, we use the Artificial
Intelligence library from STM32. The STM32 microcontroller allows us to
develop an C-based deep neural network on its chip by offering an API library
which is automated generated some major modules for neural network
implementation. The STM32Cube.Al extension pack enable Al on STM32
Arm Cortex-M-based MCUs [101].
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Fig. 6-6 depicts 5 steps procedure of implementing an artificial neural
network on STM MCUs. The first step is to capture data which is described in
the sub-section “6.3.1 Feature Extraction of EEG Data” of “Offline Analysis”
section. In this step, we collect enough data and extract feature for training
preparation. The second step is to label the collected data. This step is required
as an essential step during training procedure. Detail about this data labeling
process is also mentioned in the sub-section “6.3.1 Feature Extraction of EEG
Data”. The next step of the flow is to train the network to fit the training dataset
which have been prepared previously. Detail about this step is described in the
sub-section “6.3.2 CNN Model Training”. The well-train model obtained from
the previous step is saved as “model.h5” in Python. This saved model contains
the topology and the optimized weight set of the well-train neural network.
This pre-train network is embedded into the MCU thanks to the
STM32Cube.Al extension package. The package provides three major
modules: model.c, model_data.c, and the library file NetworkRuntime400. The
C-file model.c contains the network topology and configurations (activation
function, input, output sizes...). The C-file model_data.c contains the
optimized weight set of the pre-train neural network. The library file
NetworkRuntime400 is a closed APl which holds all network computational
functions and works as a linker among the user application code, the network
topology, and the optimized weight set. Finally, the embedded neural network

is now ready for running inference on new data.
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Fig. 6-6 Five steps to deploy Artificial Neural Network on STM32 MCU.
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Fig. 6-7 Functional block diagram of the embedded firmware of the proposed
intelligent EEG headset.
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6.4 On-chip Feature Extraction
6.4.1 Pre-Processing

The first step of on-chip feature extraction procedure is pre-process
raw EEG data. To acquire EEG data of up to 8 channels, we apply multi-
channel ADC reading procedure. The sampling frequency is set at 128 Hz (i.e.,
interval of 7.8 ms). The sampling event is triggered by the built-in Timer 2.
The first trigger event of Timer 2 is used to trigger the sampling event of the
first channel. After the conversion of the first channel is completed, MCU will
automatically trigger the sampling event and conversion event of the next
channel and so on. All the channels are sampled in a pre-defined order from
channel 1 to channel 8. The sequence complete conversion event triggers the

DMA transfer process to the memory without interrupting the processor.

As shown in Fig. 6-7, the embedded EEG device works under two
modes chosen by a switch: the data acquisition mode and the prediction modes.
For the data acquisition mode, after a single conversion completed (for 8
channels), data package containing 8 channel EEG data are wirelessly
transferred to a PC via Bluetooth low energy (BLE) for data validation and
training purposes. A graphical user interface (GUI) is designed (using C#
programming language) to continuously capture the serial data and save to
memory. Latter, these data are used to trained an artificial intelligence model.
For the predicting mode, the converted 8-channel EEG data are stacked into a
memory buffer (SRAM) sample by sample. Whenever the buffer is full, the
ADC is set to stop mode by stopping the sample trigger timer (Timer 2) and
the pre-processing function is called. In this module, the EEG data are scale to
voltage (0- 3.3 V) and then remove the mean from the data to have a zero-

mean data.
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The offline analysis results reveals that the best feature is the frequency
point feature. Thus in the online mode, only this feature is extracted and the
1-s time window is used for continually scanning the EEG data for real-time
recognition. In this work, 0.5-s overlapping window is used for real-time
detection model as shown in Fig. 6-8. In this figure, x.n™ denotes n" EEG data
point of channel ch (ch =1,...,8). The process buffer holds 1-s EEG data of 8
channels. After every single inference, the data in process buffer is shifted to
the left by half of its length to remove half EEG data. Then 0.5-s new EEG
data are filled to the buffer from the right. In this way, the real-time

implementation of the proposed model is done.

[ XB(O) x8(1) ]

Fig. 6-8 Real-time 1-s window data acquisition with 0.5-s overlapping using

a “process buffer”.

6.4.2 EEG Filtering

The pre-process EEG data are filtered from 1 to 59 Hz to remove
unwanted noises using a 4™ high-pass IR filter and a 2" high-pass IIR filter
the same way as that of offline analysis. These filters are designed using

Matlab software. The obtained filter coefficients are saved to a header file (i.e.,

129



filter.n) which is later embedded in the MCU firmware for on-chip filter
implementation. The biquad cascade IIR filter using direct form I structure is
applied for filter implementation. The general form of IIR filter is expressed
by the difference equation and the transfer function, respectively as follows:

[1=-2=o [ —-1+2= [ -1 (6.1)
()= 5> 62)

where y[n] is the output (filtered) signal; x[n] is the input signal; ax and by are
filter coefficients; N is the filter order. To implement the filter, there are
several forms which extracted from the general form: Direct-Form | and
Direct-Form Il. In this work, we implement IIR filter using Direct-Form I. Fig.
6-9 depicts the signal flow graph of a second-order IIR filter. We can see that
the Direct-Form | is not canonical with respect to the delay as it employs 4
delays to realize a 2°%-order transfer function (in this case). In other words,

there are twice as many as delays as are necessary.

EIJ{]

Fig. 6-9 Demonstration of Direct-Form | signal flow graph for the second-
order IIR filter.
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6.4.3 Fast Fourier Transform and Feature Extraction of EEG

Fast Fourier Transform is efficient and powerful algorithm for
computing the Discrete Fourier Transform. In order to obtain the best
computational performance, we use the floating-point complex FFT function
of the supported DSP library for ARM cortex. This function employs a mixed-
radix algorithm for its computation. This new function from the library
provides a floating-point data calculation with faster implementation

compared to the previous released function.

Fig. 6-10 compares the FFT results of 1-s segmented EEG data
recorded from channel F7 between C-based (ARM cortex M4 MCU) and
Matlab-based implementations. The results reveal no significant difference
between these two computations demonstrating the efficiency of on-chip
implementation of Discrete Fourier Transform using DSP library of cortex
MCU.

Finally, the frequency-point feature is obtained by simply squaring all
FFT coefficients of the 1-s segmented EEG data. Results from offline analysis
revealed that 1 s is the best time window for emotion detection. Therefore, in
the real-time model implementation, we only choose 1 s as the time window
for analysis. Consequently, the input sample of frequency-point feature has its
size of 8 (channels) x 65 (frequency points). Fig. 6-11 demonstrates the way
that the neural network model handles this 2-D input sample. It requires an
array to hold the input data where 2-D data are flatted into 1-D array. In this
figure, xcn™ denotes n'" EEG data point of channel ch (ch = 1,...,8). Finally,
the model is now ready for inference running. Each new featured data sample
is passed into the network for inference. The two outputs of the network are
ranged from 0 to 1 due to the softmax decoding. To this end, depend upon

specific application, either the output probability of the network or the
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decoded class can be send to the host (PC, smartphone) via Bluetooth low
energy for early warning. In this application, the device sends the output
probability to the host. Hence, the decoding process into classes (i.e.,

“neutral/positive” and “negative”) is done on the host.
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Fig. 6-10 Comparison of frequency spectrum of 1-s EEG data between
MCU-based (i.e., the hidden blue curve) and Matlab-based (i.e., the solid red

curve) implementations.
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Fig. 6-11 Demonstration of 2-D input tensor format for the on-chip neural

network.
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6.5 Graphical User Interface

6.5.1 Java-based GUI of Android Phone application

oot st D150 Toesi o apiGeuse mastr Gosge maste] _\apeirmariesarcud Mo actety.men i [app] Andrond S

Fig. 6-12 Snapshot of the Java-based GUI on android smartphone for

emotion monitoring.

Fig. 6-12 illustrates the user graphical interface on the host device
(smartphone in this case) which is written in Java using Android IDE. As
mentioned previously, the output probability from the embedded neural
network is sent to smartphone for notification. Here, we design this GUI to
handle and visualize the detection result. The decoded probability (0...1) is
mapped into a gauging scale (from 0 to 360 degree) for indicating detected
emotion. Moreover, with this GUI design, we also demonstrate how likely the

detection result belongs to an emotion class (“neutral/positive” or “negative”).
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6.5.2 C#-based GUI of PC application

Settings Emotion Recognition App Running

BaudRate 15200 - Psro | Negative
- 92.3%

Detected Emotion

Wamning: Horrible News Detected!

Fig. 6-13 Snapshot of the C#-based GUI on PC for emotion monitoring -

“negative” emotion detected.

Fig. 6-13 and 6-14 illustrate the user graphical interface on the host
device (PC in this case) which is written in Java using Microsoft Visual Studio
C#. In this example, a “negative” emotional state during reading negative
news was captured with the probability of 92.3%. Similarly, a “neutral”
emotional state during reading neutral news was captured with the probability

of 96.1%.
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Fig. 6-14 Snapshot of the C#-based GUI on PC for emotion monitoring -

“neutral” emotion detected.

6.6 Results and Discussions
6.6.1 EEG Features

Fig. 6-15 depicts the average EEG frequency-point feature of
neutral/positive emotion for all 14 subjects whereas the EEG frequency-point
feature of negative emotion is shown in Fig. 6-16. It is noted that, 1-s time
window is used in this demonstration. Hence, the feature forms a 2-D matrix:
8 (channels) x 65 (frequency points). Apparently, the major differences can be
observed in the alpha, beta and gamma bands. With the help of artificial

intelligence, we can find the difference between these two featured classes.
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Fig. 6-15 Average EEG frequency-point feature of neutral/positive emotion

for all 14 subjects.
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Fig. 6-16 Average EEG frequency-point feature of negative emotion for all

14 subjects.

6.6.2 Emotion Index

Fig. 6-17 compares the average emotion index over eight channels
between negative and neutral/positive emotions across 14 subjects. In general,
the emotion index was significantly or marginally different for many channels
between these two groups (“neutral/positive” and “negative”). Moreover, a
significant difference in the emotion index was found in channel FT7 (p <
0.05). Those such T-test results have demonstrated the discriminative
capability between negative and neutral/positive emotional states which is

confirmed in the classification section.
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Fig. 6-17 Emotion index comparison between negative and neutral/positive
emotional states for all 14 subjects.

6.6.3 Model Learning

The loss and accuracy curves during training and testing of the
proposed CNN model in one fold is shown in Fig. 6-18. Obviously, there was
no significant difference in the loss between training and testing, highlighting
no overfitting of the model. Moreover, the model become saturated after 1000

training epochs as the test accuracy approaches 96.8%, showing the

138



convergence of the model. It is noted that this demonstration is based on user-

dependent strategy using 4-fold cross validation, frequency-point feature and

for subject 8.
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Fig. 6-18 (a) Results of model learning in terms of accuracy and loss during
training and testing for subject 8, and (b) a test accuracy was obtained at
98.5% with totally 135 test samples.

Comparisons of classification accuracy between frequency-point and
frequency-band features with respect to time-window for all subjects are
shown in Fig. 6-19. In both cases, the model obtains its highest accuracy in
the case of 1-s time window application. For instance, the model achieves an
average accuracy of 94.5% and 89.9% for frequency-point and frequency-
band feature applications, respectively. Moreover, the frequency-point feature
achieves better performance than that of the frequency-band feature for all
time-window cases. It is reasonable because the frequency-band feature can
be extracted from the frequency-point feature. As a result, the frequency-point
feature is selected for the real-time implementation of the proposed detection

model, as mentioned earlier.
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Fig. 6-19 Comparison of classification accuracy between frequency-point

and frequency-band features with respect to time-window for all subjects.
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Fig. 6-20 depicts the comparison of classification accuracy between
subject-dependent and subject-independent strategies. Obviously, the subject-
dependent strategy obtains significantly higher accuracy on average,
compared to the subject-independent strategies (i.e., 94.5% vs. 74.1% for
subject-dependent and subject-independent strategies, respectively). It is
probably due to the inter-subject variability. Moreover, EEG signals vary a lot
with different setting environments. Although in the case of user-dependent
strategy, the proposed model achieves its higher classification result, it is lack
of generalization considering the real-life applications. The reason is that we
need to create a new model for every new user. It will cost time and resources
during the training step to train the new model, which is typically a challenge
in the machine learning field. For instance, the current system requires
approximately one-and-a-half-hours calibration (i.e., headset preparation,
instruction trials, and data acquisition for the training process) for assessing

brain signatures.
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Fig. 6-20 Comparison of classification accuracy between subject-dependent

and subject-independent strategies across all subjects.

6.6.4 Online Emotion Recognition

Since the proposed detection system is aimed to be applied in real-life
applications, a subject-independent strategy is considered for real-time
emotion recognition testing. Four subjects are employed in the online
experiment. All participants were asked to follow the instructions displayed
on a computer screen prior to trials. They were instructed to read the
stimulation news articles the same way as they did during surfing the social
media news while wearing our EEG headset. During this experiment, EEG
data are captured and the intelligence EEG headset runs its inference process
to decode neural patterns into emotional states (i.e., “neutral/positive” and
“negative”). The computational time of the entire algorithm for each inference

including EEG signals sampling (i.e., 128-sample buffer), pre-processing,
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feature extraction, and the network inference is approximately 295.6 ms with
the maximum 80 MHz system clock. Online accuracy is calculated based on
the correct predicted labels and the ground truth labels for each trial. For each
trial, there were a total of 39 samples to be classified, resulted from 20-s
exposure of a news article (with 0.5-s overlapping). The recognition results
are sent to the PC for indicating and warning purposes. Totally, 2 negative
news and 2 positive/neutral news articles were randomly displayed to the
participants.

Snapshots capturing the PC-based GUI of our proposed real-time
emotion application are shown in Fig. 6-21. According to Fig. 6-21(a), a
negative emotion might result from negative news article reading is detected
whereas a normal/positive emotion of the user is recognized during his/her
social news scanning is shown in Fig. 6-21(b). It is noted that along with the
probability of the detected emotion, a warning message is exposed to the user

as an early warning signal.
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Fig. 6-21. Snapshot of the C#-based GUI on PC for emotion monitoring: (a)
“negative” emotion detected, and (b) “neutral” emotion detected.

Online testing results revealed that an average accuracy of 69.4% was
obtained for four new participants. It is relatively low in comparison with that
of the offline testing accuracy (i.e., 74.1%) for subject-independent strategy.

The relative low detection accuracy of the proposed system can be explained
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by the variation of the electrode location across trials. This is one of the
drawbacks of the current system since all electrodes are manually located
based on the 10-20 International system. In fact, for popular commercial EEG
devices, the position of electrodes is accurately fixed at positions. Hence they
do not change through experiments. Furthermore, as mentioned earlier, EEG
signals vary a lot under different environmental settings and from subject to
subject. Another explanation is that the current database of our EEG system is
constructed with a limited 14 subjects which are relatively small compared to
that of other works [104], [105]. Extending the training dataset by adding
training data from more participants possibly increase the classification
performance. In addition, to deal with individual EEG variability across
subjects, the adaptive online learning approach can be adopted to adaptively
and continuously updates the model over time with data from new subjects
[106].
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Chapter 7

7 Conclusions and Future Work

The design and implementation of a fully wearable 8-channel EEG
system with the embedded artificial intelligence is presented in this work. The
device is comprehensively validated using SSEVP and eyes-close signals
before applying for recognizing negative emotion of human during online
social media news consumption. Offline experiments for 14 subjects were
carried out. Analysis results demonstrated the feasibility of recognizing
negative emotional state during social media news consumption. Finally, we
turn the offline detection system into a real-time recognition system by
embedding the inference pre-trained neural network into the MCU. The online
testing results revealed that the proposed real-time recognition system can be
applied in real-life applications in the near future. However, it is needed to
improve the accuracy to enhance the reliability of the proposed system before

being applied in real-world applications.

Through the study, we have revealed two major novelties: the novel
idea of recognizing negative emotional states during social media news
consumption and the real-time implementation of an on-chip artificial
intelligence model. The evaluation results showed that this study might lead
to a practical system for noninvasive monitoring of emotion of social media
users using EEG signals. However, the current form of the system needs to be
improved in the next steps due to its remaining challenges in terms of detection

accuracy before being employed in real-life applications.

In the current work, only two classes were classified which are

neutral/positive” and “ negative” emotions. To make the proposed

system even more robust, a new model which can distinguish more than two

146



emotional classes need to be considered. For instance, three-class problem

could be “negative”, “positive”, and “neutral”; four-class problem could be

“extremely negative”, “negative”, “positive”, and “neutral”.

A vision-based method for labelling the training data could
make current work more reliable by detecting the emotional state based on the
subject’s face as an alternative to the conventional labelling process using
report. In addition, the vision-based feature could also become the second
feature to form a hybrid feature which combines EEG-based and vision-based
approaches to enhance the emotion recognition accuracy of the proposed

system.

Further studies considering another comprehensive feature which
commonly represents the neural activities need to be performed, in order to
improve the recognition accuracy of human emotion states during subject-
independent strategy. In addition, we are considering applying an adaptive
model to continually add training data from new subjects. Consequently, the
predictive model is adaptively updated over time, calibrating it to the current
patient [102], [103]. In this way, the recognition accuracy of the proposed
model can be continually improved over time due to the enlarged and
continually updated training dataset. Also, an extensive field test needs to be

established before applying proposed system to a practical environment.
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