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Abstract

Understanding human expressions through physiological signals using machine learning has re-
cently become a hot topic. One or more modalities studies have investigated various medical
and non-medical applications to recognize the signals corresponding to the desired action. Deep
learning has been introduced for effective and reasonable analysis in feature extraction and clas-
sification tasks. However, the analysis remains challenging since it requires consideration of
various architectural design components that influence the representational ability of extracted
features. Hence, this study aims to specifically develop the classification model using an end-to-
end convolutional neural network (ConvNet) to detect the responses from physiological signals.
In particular, this study presents three findings of network architectures in physiological data,
especially electroencephalography (EEG). Firstly, this study compares multiple modalities and
a single modality of EEG signal in the affect recognition of an advertising video. The classifica-
tion model applies sequence learning using long short-term memory (LSTM) network to deliver
continuous emotion labels throughout the duration. The results show that the output sequence
corresponds to the user’s feeling scores over time. Secondly, this study investigates a compara-
tive study of wet and dry systems of electrodes using two cognitive tasks: attention and music
emotion. Deep and shallow convolution neural networks are applied as the feature extractor of
temporal and spatial filtering from raw EEG signals. Additionally, transfer learning is used to
improve the performance of the dry system by using transferred knowledge from the wet system.
Thirdly, the multi-scale kernel is presented in the temporal filtering for EEG feature extraction
to enable extracting a wide range of representations, covering short- to long-wavelength com-
ponents. Compared with existing models on EEG-based emotion datasets, the proposed model
outperforms with higher accuracy results and a few trainable parameters. Ultimately, adding the
proposed multi-scale module to existing models of EEG-based convolution networks improves

the learning ability and classification performance while preserving computation costs.
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Chapter 1

Introduction

1.1 Background to the Research

Recently, understanding human expressions regarding affect or emotion through physiological
signals using computer interfaces has been a hot topic. The breakthrough is to develop a system
for gathering and comprehending data from internal signals of human body. The physiological
signals in response to the nervous systems of the human body [8] have several modalities, such
as electroencephalogram (EEG), electrocardiogram (ECG), electromyogram (EMG), and gal-
vanic skin response (GSR). One or more modalities studies have investigated to recognize the
signals corresponding to the desired action in various applications [40][51]. Regarding in recent
years, the brain-computer interface (BCI) has become a technology that has gained wide atten-
tion. It acquires brain signals and interprets neuronal information into the desired action. BCI
has been used in both medical and non-medical applications [3], such as assistive technology
[44, 28], game playing [54, 53], and mental state recognition [47, 56]. There are several ways
to record brain activity. One of the most popular modalities of BCI is EEG. The EEG method
has been used to record electrical signals in the human brain by measuring tiny voltage fluctu-
ations using electrode sensors. The EEG recording can be performed by attaching electrodes
to the scalp surface without surgery and implantation. This non-invasive EEG system holds the
promise of real-world BCI applications and is currently entering the mass market. Accordingly,
two main types of electrode sensors are built to record EEG signals for different purposes [24].
The medical proposal mainly conducts the EEG recording using a wet system by placing elec-

trodes on the scalp with a conductive gel [58]. The wet electrodes are typically used in expert



disciplines, such as clinical neurology, neurobiology, and medical physics. For example, EEG
has been used to diagnose abnormalities of the human brain by detecting the presence of aber-
rant electrical activity [2, 5]. However, a wet system is a useful tool for these analyses, but it
is meticulous and requires time and cost. Then, the dry sensors are generally designed based
on wearable and mobility concepts and use in practical applications and non-medical tasks to
investigate, entertain, or monitor brain activity [11][43]. In non-medical fields, attempts have
been made to transduce EEG states from human players to control video games [57]. More-
over, the acquisition of EEG signals is also exploited to recognize human psychological states
[36]. Nevertheless, the EEG recording using dry electrodes could be easily affected by vari-
ous sources of noise, including eye movement, muscle contraction, and environmental settings,
which present significant difficulties in EEG interpretation. [15][21].

Despite its several potential applications, the non-stationarity and high-dimensionality of
EEG signals pose a challenge to reliable implementation. Because the brain is a complex or-
gan with different parts that function and respond differently, to evaluate spatial brain activity,
EEG data are generally recorded in more than one and up to 64 electrode positions increasing
space dimensionality and complexity during feature extraction and analysis. Therefore, the ca-
pability of developed EEG methods should consider several aspects, including interpretability,
performance, and usability for real-world applications. Ascertaining methods aim to understand
complex EEG signals derived from the human brain extracting their informative features and
classifying them. Conventionally, beneficial knowledge is extracted from raw EEG signals by
manually defined features and reported through statistical reports. Nevertheless, these defined
features are easily sensitive to noise, and their computation requires appropriate data cleansing,
signal preprocessing, and expertise.

Recently, many studies have applied deep learning (DL) to extract and interpret EEG sig-
nals. An end-to-end convolutional neural network (ConvNet or CNN) is constructed on the basis
of a shared-weight architecture that can reasonably learn joint optimization of feature extraction
and classification. The appropriate design, such as the layer’s depth and width, kernel size, and
optimizer, becomes an essential consideration that significantly affects the representational abil-

ity and classification performance. It has been demonstrated that deep and shallow convolution



networks can automatically extract essential temporal and spatial information from raw EEG
signals [49]. Nevertheless, as the feature extraction of these models is based on a single kernel
size, their learning ability and EEG representational performance are limited. Larger ranges of
signal transformations are needed to represent differences in slow and hyperactive EEG frequen-
cies. Parameter tuning and optimization are also required for a particular task. In addition to
the kernel, parameter dependence and computational cost in training and testing processes have
to be taken into account [39]. A separation of network layers was suggested to help reduce the
computational cost and model complexity. To further improve model efficiencies, the network
architectures, including kernel sizes and parameter sets, should be rationally designed for each

specific EEG analysis task.

1.2 Significance of the Research

By addressing the above concerns, this research aims to study the appropriate techniques for
physiological signal analysis, especially EEG tasks, in various domains. First, this research
presents the uses of modalities to recognize human affects using sequence learning in an ad-
vertising video. In particular, the experiments and results show the relative responses between
human feelings and model outputs and investigate the informative modality for affective com-
puting. Second, this study focuses on feature extraction and classification by comparing the
traditional techniques and EEG-based end-to-end convolution neural networks. The experi-
ments consist of multiple comparisons from various datasets, including self-recording of differ-
ent electrode types and existing datasets. Lastly, the main contribution proposes an EEG-based
emotion classification model called the multi-kernel temporal and spatial convolution network
(MultiT-S ConvNet). The multi-scale kernels or filters are used in the proposed model to im-
prove temporal representations by combining short- to long-wavelength patterns learned from
raw EEG data. Furthermore, a lightweight gating mechanism enhances the extracted features
enhancing both the temporal and spatial filters with global information. Subject-dependent and
subject-independent experiments are conducted on EEG-based emotion datasets to validate the
performance of the proposed MultiT-S ConvNet compared with existing methods.

This research investigation can shed light on the design of ConvNets models by improving



a wide range of representations with optimized trainable parameters. Furthermore, the pro-
posed module can potentially enhance the learning ability and accuracy performance of any
EEG-based ConvNet models. With the fabulous features automatically extracted from a lim-
ited dataset, ConvNet models are a promising tool in the EEG decoding toolbox in a variety of

applications, both medical and non-medical tasks.

1.3 Organization

The rest of this dissertation is organized as follows: Chapter 2 is the related works of literature,
including conventional analysis, machine learning models, and end-to-end convolutional neural
network models. In Chapter 3, the multiple and single modalities are compared in the affect
recognition of an advertising video using sequence learning. Chapter 4 presents a comparative
study of wet and dry systems of electrodes using fashionable convolution neural networks to
extract the temporal and spatial features. Then, Chapter 5 proposes the multi-kernel tempo-
ral and spatial convolution network (MultiT-S ConvNet) for enhancing the learning ability of
EEG-based feature extraction. Lastly, Chapter 6 shows the discussion, conclusion, and future

directions.



Chapter 2

Literature Review

2.1 Frontal Brain Electrical Activity

Frontal brain electrical activity is related to cognitive skills, such as emotional expression, work-
ing memory, and working memory capacity. The studies attempt to achieve cognitive recogni-
tion with various stimuli by focusing on frontal brain activity. For instance, Trainor [50] found
that the pattern of asymmetrical frontal EEG activity distinguished the valence of the musical
excerpts and higher relative left frontal EEG activity to joy and happy musical excerpts. Overall,
brain activity in the frontal region correlates significantly with musical stimuli, consistent with
many of the literature’s findings [42]. The frontal theta activity plays an active role in working
memory [19]. Theta activity increases while doing the working memory task [31]. To inves-
tigate an association between brain activity and working memory, Wayne Kirchner introduced
the n-back task [35]. It is a performance task commonly used as an assessment in cognitive
research. In the n-back task, the subject is requested to continuously memorize a single charac-
ter’s sequence on the screen. The subject task is to indicate if the current character is the same

as the previous n-step.

2.2 Conventional EEG Analysis

In classifying emotions learned from EEG signals, feature extraction is an essential step in
which these emotions are represented and categorized into the desired labels. Conventionally,
EEG features can be categorized into three domains: time, frequency, and time-frequency do-

mains [30]. The time domain observes time-series characteristics and variations using conven-



tional techniques, such as linear prediction and component analysis. The frequency or spectral
domain is the standard method used for quantifying EEG signals by adapting the Fourier trans-
form. Fourier analysis reflects the frequency content using sums of trigonometric functions
and then distributes the average power into the Power spectral density (PSD). As shown in Fig-
ure 2.1a, the PSD in a human EEG signal is approximately divided into several ranges, including
delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12-32 Hz), and gamma (>32 Hz) bands.
These frequency bands reflect brain activities through the strength of variation. High-frequency
bands, such as gamma or beta waves, indicate hyperactive brain activity and alertness, and low-
frequency bands, such as delta or theta waves, indicate deep meditation and relaxation. Theta
(4-7 Hz) is a slow wave associated with the subconscious mind, deep relaxation, and meditation.
For instance, frequency bands in slow to hyperactivity brain waves reflect the distinction in the
intensity of emotions [50]. Positive emotions, such as joy or happiness, are relatively associated
with the left frontal hemisphere. In contrast, negative emotions, such as sadness or fear, are
relatively associated with the right frontal hemisphere [27, 29]. Changes in alpha (8-12 Hz) and
beta (13-32 Hz) waves are the most discriminative for emotional states [50, 9]. Gamma (>33
Hz) is a hyperactivity wave associated with problem-solving and concentration and is related to
positive and negative emotions but on different sides; left for negative and right for positive [6].

In addition to frequency or temporal features, spatial features can be extracted using multi-
channel electrodes. Each part of the human brain can convey different information through the
asymmetric hemisphere. For example, the frontal lobe is associated with reasoning, parts of
speech, and emotion. The temporal lobe is associated with the perception and recognition of au-
ditory stimuli, whereas the occipital lobe is responsible for vision. For this reason, EEG signals
require a method that can manipulate temporal and spatial information for feature learning and
classification.

A common spatial pattern (CSP) [48] is a mathematical method for computing the variance
of features to discriminate window patterns or emotional classes. This method uses the simul-
taneous diagonalization of two covariance matrices to construct optimal spatial filters [4, 59].
CSP patterns can be used as features for machine learning (ML) to classify emotions [41].

However, the classification of CSP features requires a specific frequency range, which signif-
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Figure 2.1: (a) Power spectral density (PSD) features extracted from raw EEG signals. (b) Filter
bank common spatial pattern (FBCSP).

icantly depends on the subject or task. To address this problem, filter bank common spatial
pattern (FBCSP) [4] has been proposed to perform an autonomous feature selection through
temporal-spatial filtering. Compared with CSP methods, FBCSP, as shown in Figure 2.1b, adds
two more processes to perform feature selection and classification, respectively. The first two
stages perform temporal and spatial filtering to construct a filter bank of discriminative CSP
features. Then, features are selected independently depending on the classifiers in the third
stage. Popular techniques with good EEG classification accuracy include random forest (RF),
K-nearest neighbor (KNN), support vector machine (SVM), and fully connected network (FCN)
[7, 51]. However, these techniques employ manual parameterization to classify EEG features,
and the appropriate selection for a particular task relies on the complexity and cleanliness of

data recording.



Additionally, the whole duration of EEG signals requires the necessary processing to sepa-
rate them equally. Window segmentation is the technique that slices the raw signal into a similar
window size and slides it with or without overlapping [30]. Accordingly, the cognitive stages
can be observed by an individual sliding window. This continuous recognition while doing the
task is an effective method for tracking the cognitive reporting oscillations, and the results pro-
vide an opportunity to understand human emotional processes better [55, 16]. However, the

sequence output must consider the possibility of acquiring continuous emotional states.

2.3 EEG-based End-to-End Convolutional Neural Networks

Deep Convolutional Neural Networks (Deep ConvNets) have reformed the computer vision re-
search field with the learning ability of hierarchical patterns [38]. Then, Deep ConvNets have
been successfully applied and achieved in many research fields. In recent years, the use of
end-to-end CNNs (ConvNets) has been introduced for effective and reasonable EEG analysis in
feature extraction and classification tasks. First, the raw EEG signals are measured in microvolts
(uV) and recorded in a 2D space, with temporal (7', time) and spatial dimensions (£, the num-
ber of electrode channels). Then, the convolutional operation is applied to extract informative
features through three types of filtering, i.e., convolving across time, space, and both time and
space, respectively, as shown in Figure 2.2. Temporal filtering convolves information across
the time-space domain with a 1 x ¢ kernel size. The temporal content of each electrode channel
is extracted by shared weighting over the time-space input. Spatial filtering proceeds with the
filter matrix E X 1 across all electrode channels, learning the variance of features. The temporal-
spatial kernel with a k; X ky 2D kernel size, where k represents a specific kernel size, is applied
to both time and channel domains. In addition, there is a need to determine the suitable size for
learning various representations and distinctions. Typically, the kernel size is manually defined
and used in feature extractors in CNNs. A single-scale kernel might be trapped with a lim-
ited amount of representations. Especially for EEG feature extraction, learning representations
needs to be diverse and capable of effectively extracting temporal and spatial features.

Apart from kernel designs, the network depth significantly influences the learning strategy,

particularly low-high-level feature decoding. For example, a deep convolutional network (Deep
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Figure 2.2: EEG convolution filter types include (a) temporal filter, (b) spatial filter, and (c)
temporal-spatial filter. The yellow blocks denote the two-dimensional (2D) kernel for perform-
ing feature extraction.

ConvNet) has been used for EEG decoding with a single-layer temporal filter. Then, the output
is fed into multi-layer spatial convolution and pooling layers, as shown in Figure 2.3a. The EEG
classification results show that the Deep ConvNet outperforms the widely used FBCSP (mean
decoding accuracy of 84.0% and 82.1%, respectively) [49]. Deep ConvNets can achieve com-
petitive accuracy and be applied to general EEG decoding tasks. On the other hand, according to
the FBCSP pipeline, a shallow convolutional network (Shallow ConvNet) is designed for tailor-
ing decoding band power features, as shown in Figure 2.3b. The first layer performs a temporal
convolution to simulate bandpass extraction. Then, the second layer performs a spatial convolu-
tion that analogizes the CSP spatial filter in FBCSP. The extracted features of Shallow ConvNet
are related to log band power and are designed explicitly for oscillatory signal classification.
Moreover, another critical aspect that affects informative features and learning ability is
reducing the network size while maintaining good performance. One of the simpler networks
is a separable convolution that enables networks to construct informative features by fusing
both spatial and channel information. The operation consists of spatial mapping independently
performed over each input channel and feed-forward mapping to project the output onto a new
feature space. These operations enable networks to construct informative features by fusing
spatial and temporal information within local receptive fields at each layer. A compact CNN
for EEG-based BCI, called EEGNet, is introduced to construct an EEG-specific model with
separable convolution [39]. The number of trainable parameters in EEGNet is significantly less
than that of Deep ConvNet and Shallow ConvNet (170 and 100 times, respectively), but EEGNet

still achieves performance comparable to that of Deep ConvNet and Shallow ConvNet.



2.4 Dataset

This study introduces two open-access datasets: SEED (SJTU emotion EEG dataset) [59] and
DEAP (dataset for emotion analysis using physiological signals) [37] datasets. These datasets
have been widely used in emotion recognition using multimodal physiological signals. The
SEED dataset [59] consists of 64 channels of EEG signals recorded from 15 subjects. All sub-
jects were asked to watch 15 excerpts of movie clips for 3 trials. Each clip was approximately
4 min long, and the time interval between trials was one week or longer. The emotional labels
corresponded to three types of movies to stimulate emotional states: positive, neutral, and nega-
tive. The recorded EEG signals were downsampled from 1000 to 200 Hz and applied a bandpass
filter from 0-75 Hz.

The DEAP dataset [37] is a multimodal dataset that consists of EEG and peripheral phys-
iological signals. The EEG signals of 32 subjects were recorded by 32 electrodes using the
BioSemi ActiveTwo system; 40 one-min excerpts of music videos were used to stimulate emo-
tional states. All subjects were asked to rate the emotion score (1-9) in the valence-arousal
space. The EEG signal was recorded with a 512 sample rate. The signals were downsampled
to 128 Hz, a bandpass filter was applied to them from 4 to 45 Hz, and EOG artifacts were
removed. According to the review paper [51], the average accuracy of the SEED dataset was

90.0%, significantly higher than 83.6% of the DEAP dataset within-subject dependencies.
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Chapter 3

Feasible Affect Recognition in
Advertising

3.1 Overview

Recent studies in affective computing have facilitated and stimulated the development of sys-
tems and sensors that can recognize and interpret human affects. Affective computing has been
applied in various domains, and one of the applied domains is in the marketing area to increase
the consumers’ appeal and attraction. In particular, advertisements (ads) can convey amounts
of information in a short time. Therefore, using physiological responses can help to acquire a
user’s feedback and obtain an advantage. This study proposes non-invasive affect recognition
in each scene of an advertising video using electroencephalogram (EEG), electrocardiogram
(ECG) and eye-tracking. The preliminary analysis of EEG shows the relationship between
scene feeling score and emotional affects regarding physiological responses. Hence, this study
also trained two types of recognition models: window-based learning and sequence learning.
The models learned from the physiological responses and questionnaires on a user’s preference

in each ad scene.

3.2 Problem Statement

The measurement of marketing stimuli derived from subconscious deliberation has become a
challenging topic this decade [18]. Acquiring unconscious mental processes using physiological

sensors enables the marketer to discover what the customer thinks and feels about brand-related
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messages while watching the advertising stimuli. Accordingly, the analysis based on physio-
logical data comprises data collection, feature extraction, and classification to deliver customer
responses such as emotional states. Furthermore, the responses can be a single emotion or a
sequence of continuous emotions based on the research proposal and the advertising stimuli.
The conventional techniques extract the frequency bands from the whole signal and use them
as the features to train and classify the machine learning models such as multilayer perceptron
(MLP) [46], and support vector machine (SVM)[23]. On the other hand, the studies focus on the
continuous time interval of sequential behavior, or sequence learning [20] which recognizes and
output the human affects throughout the duration. This study focuses on continuous ads-affect
recognition that considers how the strength of changing states while watching ads. This work
proposes subject-independent recognition using non-invasive wearable sensors, and a 15-second
ad video was selected as stimuli. The data acquisition and preprocessing are described in Sec-
tion 3.3, including electroencephalogram (EEG), electrocardiogram (ECG), and eye-tracking.
This work studies the subject affects as negative or positive (low or high) emotional affects each
scene interval. Section 3.4 presents our research methodology and experiment setting. The
data trend is presented, which represents an observation of the relationship between physiolog-
ical data and feeling score. Furthermore, The learning techniques, including MLP, SVM, and
LSTM networks, were performed to recognize these emotional human affects. In Section 3.5,
the result of the preliminary experiment shows a relation between the scene-feeling score of
questionnaires and the physiological responses. Moreover, recognition and comparison results
are shown in this section. The results of continuous affect recognition can support the interpre-
tation of the scene interesting and how subjects interact with ad scenes. Finally, in Section 3.6.

the discussion and conclusion are presented.

3.3 Data Acquisition and Preprocessing

This study used an undisclosed dataset provided from the company of toothpaste holder. The
physiological dataset was collected by asking the subject to watch the advertising video while
wearing the sensors. 130 subjects between 20 and 50 years of age including half of males and

females participated in the experiments, and all subjects had never watched the ad video before,
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to assure a genuine reactions. The 15-second ad video of toothpaste was chosen as stimuli to
elicit emotional affect from the subjects. This ad video contains 11 scenes which respectively
present tooth problems, bacteria illustration, brushing teeth, cleaning up and toothpaste prod-
ucts. The subjects were asked to watch the video while wearing Neurosky’s sensors. Then,
after watching the video, all subjects were asked to fill out the questionnaires concerning scene
feeling based on 9 scales of preference (-4 to 4). This study represent the score of 0 to 4 and -1

to -4 as positive and negative labels respectively.

3.3.1 Electroencephalogram (EEG)

The frontal-brain activity plays a crucial role in emotion recognition [50] and distinguishes
emotional affects, which were known to vary in affective valence such as positive and negative.
In this research, EEG data were acquired from one electrode in the frontal-brain area. Various
techniques have been proposed in the feature extraction step to estimate the emotional state from
the acquisition signals [33][52]. Frequency domain features as power spectral density (PSD)
seem to be the most commonly used method [3]. Consequently, PSD feature extraction was
employed to extract features from EEG signal into five frequency bands: delta (0-4 Hz), theta
(4-8 Hz), alpha (8-13 Hz), beta(13-30 Hz), and gamma (>30 Hz) from low to high frequencies.
In this study, NeuroSky MindWave headset! is used as a portable EEG dry sensor to record the
EEG signals. The reference and ground electrodes are on the ear clip, and the FP1 electrode is
on the frontal sensor arm. Neurosky’s sensor calculated and recorded five frequency bands with

a sampling rate of 512 Hz.

3.3.2 Electrocardiogram (ECG)

CardioChip/BMD10X-based devices of Neurosky’s sensors recorded and converted to ECG
signals. ECG signal consists of P-QRS-T waves in each one cardiac cycle as shown in Fig-
ure 3.1. P-wave reflects atrial depolarization or activation. QRS complex appears after the
P-wave, which represents ventricular depolarization and contraction. Within QRS rapid dura-
tion, a short complex implies the conduction system function properly, while the wide complex

indicates dysfunction. T-wave represents the rapid repolarization of ventricles. The intervals

Thttps://Mmeurosky.com/biosensors/eeg-sensor/biosensors/
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Figure 3.1: ECG curve with its most common P-QRS-T waveforms.

between successive heartbeats per minute of P-QRS-T waves are called RR intervals. In this
study, the features were extracted throughout the whole P-QRS-T segment as the standard devi-
ation of the RR intervals (SNDD), the number of pairs of successive RR intervals that differ by
more than 50 ms (NN50) and the proportion of NN50 that divides by the total number of NN

intervals (PNN50)[32, 14].

3.3.3 Eye-tracking

Video-based method of eye tracking is widely used in commercial eye trackers, which measure
horizontal and vertical components of the movements of both eyes [10]. The study used the
Neurosky sensors for detecting the distance of each X and Y pair and used them as an eye-
tracking feature. To synchronize all physiological features, the lower-frequency feature was
duplicated multiple times until it matched the timestamp with the higher-frequency feature. For
example, in the case of all features, EEG and ECG features were duplicated until they matched
with eye-tracking features. For the sake of simplicity, the targeted labels of affect recognition
were extracted from questionnaires using mapping and rearrangement depending on the period
of 11 scenes of advertising stimuli. Thus, each second which involves more than 2 scenes would
calculate the average of time-weighting by

Ni

fi=Y (sfixt) (3.3.1)

1

where f; is feeling score at time ¢, sf; is feeling score at scene i, #; is time weight at scene i, N; is

the number of scene which relates to time ¢ and ¢ is observed timestamp (1,2,3,...,15).
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Figure 3.2: Information level of window-based learning and sequence learning techniques

3.4 Methodology

This study focused on the sequence-to-sequence learning between physiological signals and
emotional affect. A preliminary experiment presented the trend value to comprehend the relation
of physiological data over time. For affect recognition, the emotional affect was classified as
positive and negative. The techniques can be divided into two types: window-based learning
and sequence learning. The input and output data were constructed from extracted features and
questionnaires, which are shown in Figure 3.2. This research also experiments to compare the
features used as only EEG features and all features because some physiological responses, in

15-second ads-video watching tasks, can not gain explicit responses.

3.4.1 Data Trends

To observe the relationship of physiological data and feeling score, representation of the same
axis is required to indicates whether each particular band is increasing or decreasing over time,
and how strong each data values. The study utilized the Pearson correlation coefficient to rep-
resent the data trend or r. Each trend value is calculated by using the 4-second sliding window

technique. The positive value is a direct variation of data values over time, and the negative
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value is an inverse variation. The trend value can be calculated by

I ¥ €Sl Ut
VI —%)2 /X (1 —1)?

where 7 is sliding window size, x is data value, ¢ is time in second and i is running number of

3.4.1)

sliding window. These trend values were only applied for PSD features of EEG data. While

ECG and Eye-tracking, their features were directly used as the input of classifier.

3.4.2 Window-based learning

window-based learning recognizes emotional affects each second in which this study applied
the 4-second sliding window for segmentation technique to analyze temporal data and recognize
emotional affects over time. The model input was constructed from the trend values in Section
3.4.1, and the shifting size is 1 second. Then, the values were mapped to the time axis for
data and label consistency. Meanwhile, the label or output was the feeling score value at each
second. In the attempt to compare with the standard models, MLP and SVM are ubiquitous
techniques were chosen. Two layers of feed-forward neural networks were trained with 100
hidden units and softmax activation in each layer. Besides, SVM models were trained with a
linear kernel. For illustrating the data representation, Figure 3.2 (left) shows the window as
red-rectangle and shading, which is the information level of the sliding window at the final time
step. The classifiers merely learn the information from the individual window. However, these
techniques are not able to transmit useful information between each window entirely but can

learn along with the values according to the sliding window size.

3.4.3 Sequence learning

This study also applied sequence learning [20] as LSTM networks [25] which improve from
a recurrent neural network (RNN). The main idea of the RNN is to memorize previous infor-
mation in the network’s internal states by using self-connections. The benefit of an RNN is
the ability to use contextual information from the whole data sequence, and the dependencies
of inputs can remain in the network. Figure 3.2 (right) shows the information level of learn-

ing techniques. The LSTM architecture preserves information by using memory cells and gate
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Figure 3.3: The unfold structure of the LSTM networks. The first layer size (below) is based on
the input vector of the experiment. The hidden layer (center rectangles) consists of 100 memory
blocks. The final layer output the vector of size 2 for positive and negative classes.

units which allows the exhibiting of temporal dynamic behavior for a time series data. In the
experiment of sequence learning, the LSTM networks were used to learn the dependencies of
physiological responses. After constructing from the trend values in Section 3.4.1, these ex-
periments perform a 1-second sliding window that contains the data values, and each feeling
score in a second was used as the label. The sliding window is shifted along the data waves
to construct an input vector for each window. Then, only EEG features experiment constructed
the fully connected LSTM networks with 5 input nodes according to frequency domains, 100
memory blocks, and 2 output nodes according to the target output. Besides, the input layer were
adjusted to 9 input nodes for all features experiment. The network setup for both only EEG
features and all features used experiments are shown in Figure 3.3. After having been trained,

the network can be used to predict the label sequence of feeling score.

3.5 Experiments and Results

3.5.1 Preliminary Experiment

In the preliminary experiment, the trends were calculated and investigated considering the five
frequency bands of only EEG data over time. The subject’s averages between EEG data over
time are shown in Figure 3.4, and the average time-weighting of the feeling score is shown in
Figure 3.5, respectively. Considering these illustrations, the evidence is found that shows the

relation between EEG responses and scene feeling scores. Fortunately, this study can indicate
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the unusual point around 3 to 7 seconds, which is the disgusting scene of bacteria. Hence, the
investigation continued to examine the recognition experiment based on physiological responses

using machine learning techniques.

3.5.2 Recognition Experiment

This section is divided according to the features used, into two experiments: only EEG features
and all features. These two experiments applied MLP, SVM and LSTM network to recognize
the output label or feeling score each second. 5-fold cross-validation was performed for all sub-
jects. The trend values and feeling score over time were used as the dataset and labels. This
dataset was proportionally divided into 5 fold and used for train and test the models. In addition,
MLP and LSTM networks need the validation set in the training process, so the training sets of
each fold were divided into the training set and validation set with 80% and 20% respectively.
The results are shown in Figure 3.6. In the experiment of only EEG features, LSTM network
achieved the highest accuracy at 76.4%, and SVM and MLP achieved 70.3% and 68.8% respec-
tively. Unfortunately, all features experiment achieved an accuracy of 72.8%, 69.2%, 61.9%
respectively.

To illustrate the comprehensive of continuous recognition, two user results of LSTM net-

trend value

0.2
01 delta (<3.9 Hz)
’ - theta (4-7.9 Hz)
0 —e— alpha (8-13.9 Hz)
0.1 15 _o— beta (14-30 Hz)
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Figure 3.4: Average data trends of EEG data over time for all subjects

feeling score

time (sec)

Figure 3.5: Average feeling score overtime for all subjects
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Figure 3.7: The examples of target and predicted results using LSTM network along the duration

work prediction are plotted, which are shown in Figure 3.7. The orange bold-line shows the
target feeling score, and the black dot-line shows the predicted feeling score. The x-axis rep-
resents the time domain, and the y-axis represents the binary emotional affects: positive and

negative. The results can appropriately capture the emotional affect over time.

3.6 Discussion

This chapter present a study of feasible emotional affect recognition based on physiological
responses from wearable sensors. The models constructed through this study approach can be
used for detecting the emotional affects change over time. For using physiological signals, based

on the recognition results, the best results are achieved in recognition when only EEG features
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are used. Considering ECG features and according to previous researches, this study found that
ECG features could not perform good results in a short duration. While eye-tracking features in
this experiment could not denote the emotional affects, the subjects just watched the interesting
points in each scene. The recognition techniques present general recognition and sequence
learning techniques. The sequence learning outperformed accuracy through the learning of data
sequences. The results could gain a continuous affect along with the duration and apply to
comprehend the feedback and obtain an advantage from the interesting points in ads. Machine
learning techniques can detect the user’s response to ads watching by using wearable sensors.

The acquired responses can be utilized as informative knowledge without concealing.
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Chapter 4

Comparative Study of Wet and Dry
Systems

4.1 Overview

Brain-Computer Interface (BCI) is a communication tool between humans and systems using
electroencephalography (EEG) to predict certain cognitive state aspects, such as attention or
emotion. For brainwave recording, there are many types of acquisition devices created for dif-
ferent purposes. The wet system conducts the recording with electrode gel and can obtain high-
quality brainwave signals, while the dry system expressly proposes the practical and ease of use.
This study investigates a comparative study of wet and dry systems using two cognitive tasks:
attention and music-emotion. The 3-back task is used as an assessment to measure attention and
working memory in attention studies. Comparatively, the music-emotion experiments are used
to predict the emotion according to the subject’s questionnaires. This analysis shows the simi-
larities and differences between dry and wet electrodes by calculating the statistical values and
frequency bands. Besides, this chapter further study the relative characteristics by conducting
the classification experiments. This study proposed the end-to-end models of EEG classification,
which are constructed by combining EEG-based feature extractors and classification networks.
A deep convolution neural network (Deep ConvNet) and a shallow convolution neural network
(Shallow ConvNet) were applied as the feature extractor of temporal and spatial filtering from
raw EEG signals. The extracted feature is then forwardly conveyed to a long short-term memory

(LSTM) to learn the dependencies of convolved features and classify attention states or emo-
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tional states. Additionally, transfer learning was utilized to improve the performance of the dry
system by using transferred knowledge from the wet system. The model was applied not only
on the dataset but also on the existing dataset to verify the model performance compared with
the baseline techniques and the-state-of-the-art models. Using this proposed model, the result
shows the significant differences between accuracy and chance level in attention classification

(92.0%+6.8%) and SEED dataset’s emotion classification (75.3%+9.3%).

4.2 Problem Statement

This chapter contributes to the data analysis of wet and dry systems and the EEG-based classi-
fication model. The novelty of this study is the first attempt to transfer knowledge from wet to
dry system to improve the performance of the dry system. Two cognitive experiments were con-
ducted to study a comparison of wet and dry systems. The attention experiment assessed using
a 3-back task and learned the attention/non-attention classes of EEG signals. For more difficult
BCl-task, this study learned the positive and negative emotions of EEG signals by stimulating
with the MIDI song. In terms of classification, the proposed method utilizes Deep ConvNet and
Shallow ConvNet to perform feature extractor and LSTM networks to perform classification
learning. These classification results also show the dependencies among datasets and systems
comparatively. To improve dry system performance, transfer learning was applied by freezing
the ConvNet of the wet system and used it as a feature extractor of the dry system. Because
the dataset is considerably small, collecting from 5 subjects, so the model performance was
also verify by implementing on the existing datasets. DEAP [37] and SEED datasets [59] are
top 2 citation datasets on EEG-based emotion recognition [3]. Thus, this study is expected to
contribute to developing the combination of non-invasive BCI with a dry electrode and machine

learning techniques for a future brainwave translation tool.

4.3 Data Acquisition and Preprocessing

4.3.1 Self-collected dataset Acquisition

This study collected dataset from 5 healthy subjects, which are 4 males and 1 female. They are

graduate students of Osaka University, between 20 and 30 years of age. The study was approved
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by the local ethical committee, and all subjects or their legal representatives provided written
informed consent to participate in the study. The subjects were asked to finish two different cog-
nitive tasks: attention experiments using the 3-back task and music-emotion experiments using
the brAInMelody application [45]. For acquiring physiological signals in this study, brAln-
Melody is a recording system demonstrated by wearing the portable sensor and listening to
automatic composition. Meanwhile, the EEG signals were recorded while doing these cognitive
tasks. The experiments were conducted twice in the corresponding task and setting but properly

using different dry and wet systems.

Sensor Device

In this study, the experiments were conducted with two systems comparatively. The wet device
is Polymate AP1532 (Miyuki Giken, Japan), an electrode cap (Easycap GmbH, Germany) and
Ag/AgCl electrodes with a cable connection to AP monitor program (Miyuki Giken, Japan).
The sampling rate is set to 1000 Hz. On the other hand, the dry device is an imec sensor named
EEG brAInMelody Gen-3 compatible! with brAInMelody application and Nyx software. The
sampling rate of the sensor is 256 Hz. EEG placement is in accordance with the international
10-20 system. Ten electrodes (Fz, Fpz, T3, F7, F3, Fpl, Fp2, F4, F§, and T4.) are placed in the
frontal brain region. The Fpz and Fz are set as ground and reference electrodes. Consequently,

The total signals gained are 8 signals.

Attention Experiment Setting using 3-Back Task

In the experiments, the subject performed the 33 repetitions of a 3-back task, which is memo-
rizing the 3-back character. Firstly, the subject was introduced by instructions and then wore
the sensor. Before doing the task, the *+ character appeared in the middle of the screen for
20 seconds. At the same time, the brain signals began to be recorded as a baseline. Then, the
33 repetitions of the 3-back task started sequentially. Each repetition consists of a 0.5-second
character and a 2-second blank screen. Additionally, the experiment conducted in a closed room
with minimal noise, and the subject was asked to minimize their movement to avoid the noises.

To compare 2 systems, all subjects performed the same task 2 times, with a different random set

Thttps://www.imec-int.com/en/articles/amorepacific-uses-imecs-eeg-headset-neuromarketing-research
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Figure 4.1: Attention experiment setting with 3-back task

of characters, in dry and wet settings. Figure 4.1 shows the illustration and detail of this experi-
ment. This study classifies the recorded signals into 2 classes: attention and non-attention. The
recorded signal of the 3-back task is an attention class, and the baseline signal is a non-attention

class.

Music-Emotion Experiment Setting

For the music-emotion experiment, the introductory and environment are the same as the pre-
vious attention experiment. Each subject was asked to listen to 5 MIDI songs. Each song was
added a 20-second baseline with no sound before the music started. After listening, the subjects
immediately filled in the questionnaires, consisting of valence and arousal level between -1 to
1. They performed the same playlist for 2 times in a dry setting and a wet setting, respectively.
The subjects also filled in the questionnaires for 2 times because their feelings might slightly
change in the second round. Moreover, the subject is required to close the eyes while recording
a baseline and listening to music. Figure 4.2 shows the illustration and detail of this experiment.

The music-emotion experiment investigates the emotional state from the EEG signals. The
target labels or emotions obtained from the subject’s questionnaires are valence and arousal

values from -1 to 1. Because the emotion label is ambiguous, the study merely classifies 2
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Figure 4.2: Music-emotion experiment setting

classes: positive and negative. The positive class represents positive valence and arousal, and

the rest is a negative class.

4.3.2 Existing Datasets

This study is not only interested in the quality of recorded signals, but the quantity of data in BCI
research is also a tremendous problem according to the cost and time manipulation, especially
the wet system. Fortunately, the quantity of this research may not be at a reliable level. The well-
known and open-access datasets are further studied to increase the reliability of the proposed

method.

Data Preprocessing

In recorded signals, there are missing values caused by the device connection. So, the signals
were manipulated by duplicating the previous 8 samples. Then, a notch filter was applied to
remove the 60 Hz power line noise and applied artifact removal by using the EEGLAB [13]
toolbox to avoid the severe contamination of EEG signals automatically. The sampling rate of
wet sensors was downsampled into 256 Hz, which is equivalent to the dry sensors. A sliding

window technique was applied with 2-second window size and 1-second overlapping for seg-
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Figure 4.3: Data preprocessing and feature extraction

mentation and sequential analysis. For the baseline classification, the PSD was calculated from
each window sequentially as the extracted features: theta band (4-7 Hz.), alpha band (8-12 Hz.),
and beta band (13-32 Hz.). The process is shown at the top of Figure 4.3. While ConvNet’s
feature extraction of each window, the convolution is applied to the raw signals for learning
the temporal and spatial filtering automatically and directly without any signal preprocessing.
The learning ability of a neural network can also deal with noises or artifacts from unprocessed
signals.

In the attention dataset, the data sequence individually consists of 84 pairs of input data and
labels obtaining from 19 baseline windows and 65 doing-task windows. Each system entirely
contains 420 pairs of window input and label output. Thus, there are 25 pairs of train and test
samples for each system, but the input data was sliced into sliding windows, and all of them
were paired with the same emotion label. Each system of music-emotion dataset totally consists
of 870 pairs of input windows and labels.

In DEAP and SEED dataset, the input was initially processed by the provider, as mentioned
in Section 2.4. A 2-second window sliding was applied with a 1-second overlap to slice the
raw data into window input for classification tasks. To simplify the DEAP’s continuous scales,
the rating was classified into two classes of emotion: the positive class is positive arousal and
valence, and the rest is the negative class. While in the SEED dataset, the positive and negative
classes were selected. Thus, all experiments are a binary classification with different chance

levels according to the dataset.

27



4.4 Statistical Analysis

This section shows the difference between dry and wet electrodes by calculating the statistical
values and frequency bands. Firstly, this study investigates the raw signal through the range,
mean, and standard deviation, which shows the statistical report of voltages and features calcu-
lated from all subjects data in Figure 4.4, 4.5 and Table 4.1. These can easily notice the diversity
of both systems.

Table 4.1 shows the significant wet-dry relationship and also the relationship between at-
tention and music-emotion tasks. The wide range of dry system on both tasks shows signal in-
stability and susceptibility of the sensor, but the wet system is more stable and sensible. While
considering the task relevances, the attention experiments, the subject is required to do the 3-
back task intently with prompt and continuous response. It caused the signal stability, which can
observe from the shallow range. In contrast, in the music-emotion experiment’s recording ses-
sion, the subject did not move while listening to music, but the higher range is acquired. These
mentions that music listening varies the raw data or gain high frequency than the attention task.

Considering the example of attention experiment, Figure 4.6 shows the topoplots and his-
tograms of subject 4. As the related research about the frontal brain activity, the attention
experiment shows the relative result. These findings are consistent with the results of frontal
brain activity reported by many studies. The attention class is associated with increasing low-
frequency (theta) and mid-frequency bands (alpha), especially left-right electrodes: T3, F7, F8,
and T4. Whereas, the high-frequency band, the beta band, decreases when doing the task. These
frequencies reflect attentional requests such as alertness and memorization. Unfortunately, there
is an inconsistent part of the increasing and decreasing between baseline and task. These might
be affected by the baseline focusing, which the subject might highly pay attention to the '+’
character. On the other hand, considering the system comparison, it could see both systems’
tendencies fortunately. Notably, the theta and beta band of the left-right frontal brain identifies
the increase while doing the 3-back task in both wet and dry systems. For the beta band, it also
has decrease tendencies comparatively.

On the other hand, in the example of the music-listening task, which shows in Figure 4.7, the
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PSD features of subject 2 is plotted. The subject questionnaire is positive valence and arousal,
which is a positive class. The related research associates the observation that the left frontal
EEG activity is greater relative to happy and joyful music. This study observe that theta and
alpha bands have a similarity in increasing while the beta band is contrast. The high-frequency

features might be sensitive and contaminated by the environment or unrelated noises.

4.5 Methodology

The proposed model utilizes ConvNet and LSTM network for binary classification of cognitive
tasks. For feature extraction, the convolution network is implemented for the brain-signal de-
coding method. Deep ConvNet and Shallow ConvNet were applied in this experiment to show
the decoding. The original Deep ConvNet and Shallow ConvNet performs Fully Connected
Networks (FCN) as a classifier in the final layer to discriminate the classes [49]. This work ap-
plied the LSTM network instead to perform the convolution features. Firstly, the raw signals are
reshaped into the 2D shape, consisting of time and electrode channels, as the input for feature
learning layers.

The setting of Deep Convnet is shown in Figure 4.8 (a). The input is convolved with 24
temporal filters, and then 24 spatial filters are sequentially performed. The deep features of
temporal-spatial filtering are extracted by 3 blocks of convolution and pooling layers with twice
the number of filters in each block (48, 96, 192). the batch normalization and activation with an
exponential linear unit (ELU) are applied for each convolution and pooling layer. On the other
hand, the setting of Shallow ConvNet and LSTM networks is shown in Figure 4.8 (b). This
network is more compatible and less trainable parameters than the previous one and can effec-
tively learn the EEG features. The model contains 40 temporal and spatial filtering constructed
by convolution networks continuously. Then, the network applies the batch normalization layer
and ELU activation after convolving the features. Finally, the values are averaged by the pool-
ing layer before sending it to the classification layers. Consequently, the extracted features of
Deep ConvNet or Shallow ConvNet are conveyed to two layers of 50 blocks LSTM networks
for learning dependencies of feature sequence and summarized into predicted class. In the final

classification layer, the output is activated with a sigmoid function. Their kernel size and pool
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size are adjusted based on each dataset’s window size and sampling rate. Figure 4.8 (a) and (b)
show the setting of the dataset which is 512 window size, 256 sampling rate, and 8 electrode
channels.

For transfer learning, this study transfers the knowledge of feature extraction from the wet
system to the dry system. The implementation is the freezing of feature extractor or ConvNet
in the wet system and then apply it to the dry system. Then, the LSTM layers are retrained to

classify the attention or emotion classes.

4.6 Experiments and Results

This section presents the binary classification learning implemented on self-collected datasets
and existing-datasets. The baseline models are random forest (RF) and SVM with radius ba-
sis function (RBF) classifiers combined with PSD features. The state-of-the-art models from
[49] are Deep ConvNet and Shallow ConvNet with FCNs. Moreover, the proposed models are
Deep ConvNet and Shallow ConvNet with LSTM networks shown in Section 2.3. However,
these small datasets may cause an overfitting problem, and it can not transcend the reliability
of data quantity. All techniques on the SEED and DEAP dataset further are applied to prove to
model performance. All models implemented the leave-one-out (LOO) cross-validation for all
subjects to investigate the subject-independent performance. Self-implementation of all tech-
niques was performed in the same environment and technical setting. For baseline settings, the
grid search was applied for hyper-parameter tuning to select the setting in these experiments.
All neural network architectures were fitted using Adam optimizer [34] to minimize the binary
cross-entropy loss function with 100 epochs and 16 batch size for self-collected datasets but 64
batch size for existing datasets. The evaluation metric is the accuracy of binary classification
even there is the problem of an unbalanced class. To investigate the learning performance in
this problem, this study present the chance level, which is the majority class’s accuracy when
predicting constantly. A paired t-test is a statistical procedure used to determine the significant
difference between the corresponding models. All the results are shown as the accuracy and
standard deviation across all subjects in Table 4.2 and the significant comparison by histograms

in Figure 4.9.
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Figure 4.9: Classification results; error bars denote the standard deviation for all subjects and
stars indicate a significant improvement compared to chance levels.

4.6.1 Self-collected dataset Classification

Based on the overall results in 5 subjects cross-validation, the attention classification is easier
classified than music-emotion classification, which is observed by the average accuracy and

standard deviation. A high standard deviation can show the subject variation and complexity.

Attention Classification

In the attention results shown in Figure 4.9 (a), there are the same chance levels of 77.5% +0.0%
accuracy in both wet and dry systems. All classification models achieved significantly higher
results than the chance level (p<0.01), except for Shallow ConvNet with FCN and Deep Con-
vNet with LSTM. The proposed models, Shallow ConvNet with LSTM network, achieved the
highest accuracy in both dry and wet attention experiments: 90.0%=+4.5% and 92.0%+6.8%,
respectively. The study observed that the accuracies of Shallow ConvNet with LSTM are higher
than the chance level (p<0.01) and baseline techniques (p<<0.05). Moreover, this experiment

shows the improvement of replacing FCN with LSTM network on attention classification, espe-
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cially combining of Shallow ConvNet and LSTM network. Considering the system comparison,
overall performances can learn with higher consistency observed in the models’ accuracies and

standard deviations.

Music-Emotion Classification

While in music-emotion experiments, all results, except Deep ConvNet with LSTM in dry sys-
tem, can not significantly outperform the chance levels (p>0.05), which are of 70.2%=16.2% of
dry system and 71.5%=20.4% of wet system. Classification results are lower than the attention
results explicitly. All results are shown in Figure 4.9 (b) and found that no significant difference
in performance across all models (p>0.05). The highest performance is the Deep ConvNet with

LSTM network in dry system (71.7%=15.5%) and RF in wet system (70.3%422.5%).

4.6.2 Wet-Dry Transfer Learning

Applying the transfer learning strategy, this experiment focused on improving the dry system us-
ing the transfer learning from the wet system. In the attention experiment, the new accuracies of
Deep ConvNet and Shallow ConvNet with retained LSTM networks are 88.2%=+3.7% (+6.6%
from 81.6%=14.0) and 90.0%=+4.5% (+0.0% from 90.0%=+4.5%), respectively. While in the
music-emotion experiment, the new accuracies are 67.1%+18.0% (-4.6% from 71.7%=15.5%)
and 69.2%=+19.7% (+1.2% from 68.0%=+19.3%), respectively. The results show the small im-
provement of Deep ConvNet in the attention experiment and Shallow ConvNet in the music-

emotion experiment without significance level (p>0.05).

4.6.3 Existing-Dataset Classification

In the DEAP dataset results, the study classified the binary classes with 64.2%=+11.2% chance
level among 32 subjects. Fortunately, all classification models could not outperform the chance
level significantly (p>0.05). However, Shallow ConvNet and RF similarly achieved the highest
accuracy with different standard deviations at 60.4%=10.1% and 60.4%=12.4%, respectively.
For the SEED dataset, the chance level is 50.0%+0.0%, which is calculated from the
balanced-label stimulus on 15 subjects. All models were superior to the chance level signifi-

cantly (p<0.01). Again, the Shallow ConvNet achieved the highest accuracy with 75.3%+9.3%
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accuracy. Replaced FCN with LSTM network of ConvNet-based models can improve the per-
formance of both datasets, especially the Shallow ConvNet with LSTM network outperformed

on both existing datasets.

4.7 Discussion

This chapter discuss on 3 aspects consisting of system comparison, dataset comparison, and

model comparison.

4.7.1 Wet and Dry systems

To acquire and analyze brain activity, a sensor device to record EEG brain-signal is needed. This
research conducted the experiments with the dry and wet systems on the same tasks to investi-
gate two types of electrode. According to the signal quality, the wet systems are better than dry
systems obviously. For classification results, the wet systems also outperformed dry systems,
which were observed by the average accuracy. Even though there is a data quantity problem
in this study, the statistical analysis in Section 4.4 shows the relationship between wet and dry
systems. Fortunately, the classification results also show related tendencies and characteristics
following the corresponding tasks. From the wet-dry transfer learning experiment, this study
inconsiderably discovered the possibility of using a wearable sensor in a real-world application

by transferring the knowledge from laboratory sensors.

4.7.2 Dataset Comparison

Considering the dataset comparison, this study recorded the EEG signals with two different
cognitive tasks and two different systems from 5 subjects. After performing classification with
machine learning techniques, the study realized that the self dataset is too small for machine
learning, and it is not reliable to verify the model performance. We further applied the proposed
model to the existing datasets, which are more subjects and more stimuli. Based on cognitive
tasks, all datasets were divided into attention and emotion datasets. The attention dataset is
only the 3-back task, which classifies the attention and non-attention classes, while the rest

are emotion classification with different stimuli. In the self dataset, the subject is stimulated
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by music listening. DEAP’s stimuli are music video excerpts, and SEED’s stimuli are movie
excerpts. The study found that subjects’ emotions were elicited from different sources, and then
their labels were obtained from the questionnaires after performing the task. The emotional
scale might be different depending on the individual subject’s feelings. The variety can be
occurred by emotion, subject, or questionnaires individually. However, SEED provided the
labels derived specifically from the movie excitation, not from the actual subject’s emotion.
These may generalize the complexity and affect the classification performance. The results
show that the music-emotion datasets are not explicit separable and more difficult tasks than
the attention experiments. Meanwhile, the DEAP dataset is more complicated than the SEED

dataset.

4.7.3 EEG Classification Model

Analyzing the baseline techniques, SVM can not perform properly because of the sensitivity to
the noise, while the ensemble modeling, like RF, performs good results in all datasets with mul-
tiple decision tree models. It can learn to reduce the generalization error of the prediction, and
also can deal with subject-independence of the EEG classification. Additionally, the raw sig-
nals might include environmental noise, muscle artifact, or eye-movement artifact. PSD features
were directly extracted from these raw signals with predefined and unlearnable preprocessing. It
means that the EEG signals with more noise directly and easily affect the learning performance,
and it is not appropriate to BCI practical applications. In contrast, considering the ConvNet
models, training with neural networks can automatically learn additional preprocessing with-
out predefined knowledge. The architecture of the ConvNets is used as a feature extractor or
EEG decoder, and then it needs the added layer for discriminative learning. Instead of using
the simple fully connected layer, which individually and independently learns the feature per-
ception on convolved features, the LSTM network can interpret the dependencies across time
steps efficiently. Based on the classification results, it is helpful for temporal-spatial learning
like multivariate time-series classification, such as brainwave signals. Considering the results,
it might not see the significant differences between these two ConvNet, but the Shallow Con-

vNet applied less parameter than the Deep ConvNet. Moreover, adding the sample can retrain
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the model with new additional data with pre-trained knowledge from the existing datasets or

subjects.
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Chapter 5

Multi-kernel Temporal and Spatial
Convolution Network

5.1 Overview

Deep learning using an end-to-end convolutional neural network (ConvNet) has been applied to
several electroencephalography (EEG)-based brain-computer interface tasks to extract feature
maps and classify the target output. However, the EEG analysis remains challenging since it
requires consideration of various architectural design components that influence the represen-
tational ability of extracted features. This study proposes an EEG-based emotion classification
model called the multi-kernel temporal and spatial convolution network (MultiT-S ConvNet).
The multi-scale kernel is used in the model to learn various time resolutions, and separable con-
volutions are applied to find related spatial patterns. In addition, this study enhanced both the
temporal and spatial filters with a lightweight gating mechanism. To validate the performance
and classification accuracy of MultiT-S ConvNet, subject-dependent and subject-independent
experiments are conducted on EEG-based emotion datasets: DEAP and SEED. Compared with
existing methods, MultiT-S ConvNet outperforms with higher accuracy results and a few train-
able parameters. Moreover, the proposed multi-scale module in temporal filtering enables ex-
tracting a wide range of EEG representations, covering short- to long-wavelength components.
This module could be further implemented in any model of EEG-based convolution networks,

and its ability potentially improves the model’s learning capacity.
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5.2 Problem Statement

For learning the feature representation, the design of ConvNets is essential to achieve a promis-
ing objective. The improvement of learning capability can be considered in several ways, such
as increasing the number of layers and modifying kernel. The kernel or filter acts as a regular-
izer to improve the generalization at the cost of more complicated training. It performs the dot
product with the sub-region of input and outputs the matrix of dot products. ConvNet model
traditionally and generally applied the single-size kernel as a convolution operator to extract the
feature from the raw EEG signals. The larger kernel needs a high computational cost, while the
smaller kernel captures lower representations. However, achieving good EEG data analysis per-
formance requires a wide range of useful representations based on the functional characteristics
of frequency bands. Therefore, the learning model should consider the learning capability of
kernel size while preserving optimized trainable parameters. This study proposes an architec-
ture called multi-kernel temporal and spatial convolution for EEG-based emotion classification.
This study presents (1) multi-kernel learning for temporal convolution and (2) filter recalibra-
tion with a lightweight gating mechanism. The proposed model makes the classification process
more efficient by factoring the kernel into a series of operations to capture various short and
long patterns. Then, separable convolution is applied for spatial learning by considering each
channel separately and convolving over electrode channels. Moreover, weights are recalibrated
after temporal and spatial convolving to utilize the limited data available. MultiT-S ConvNet
is compared with existing techniques and investigate task accuracy by conducting classification

experiments on BCI datasets.

5.3 Multi-kernel Temporal and Spatial Convolution Networks

This study proposes an end-to-end CNN called multi-kernel temporal and spatial convolution
(MultiT-S ConvNet) for EEG-based emotion recognition. The proposed model enables multi-
scale representation learning and improves classification performance. The model consists of
three parts, namely, a temporal learner, spatial learner, and classifier, which simultaneously

learn discriminative representations in the time and electrode channel dimensions. The model
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architecture is depicted in Figure 5.1, and the details are described in the following sections.

5.3.1 Multi-kernel Temporal Processing

This study hypothesizes that multi-kernel filters can improve temporal representations learned
from raw EEG data. Considering the kernel design of temporal convolution, the larger size can
learn higher resolutions in the time domain but necessitates high computational costs. On the
other hand, a smaller kernel size essentially learns low-level features or shorter temporal pat-
terns in the time domain and can reduce computational costs. Multi-scale convolution kernels
combining long and short patterns are applied by factoring a kernel into various kernel sizes that
would independently convolve and map them in order. Learning a wide range of representations
while avoiding high computational costs can improve the performance of EEG classification.
The main advantage of this architecture is significant quality gain at a modest increase in com-
putational requirements compared with shallower and narrower architectures. Accordingly, the
study specifically adopted four kernels of length 25 ms (= 5 samples under the sampling rate
of 200 Hz), 50 ms (= 10 samples), 100 ms (= 20 samples), and 200 ms (= 40 samples). These
choices were based on four frequency bands, namely, theta (4—7 Hz), alpha (8—12 Hz), beta
(13-32 Hz), and gamma (>33 Hz), extensively used to characterize brain states/activities. The
sampling rate is also considered because wavelengths can be captured with the same time scale,
even from different datasets. These multi-kernels can capture an extensive range of representa-
tions in EEG signals. The larger kernel size can learn various informative features, along longer
temporal patterns. Meanwhile, the smaller kernel size specifically extracts shorter temporal
patterns.

The raw EEG signals in Figure 5.1 can be represented as 2D time series whose dimensions
are time (7') and electrode channels (E). The window size is set as 2 s (T is 400 data points for
the SEED dataset) based on the change in emotion over time. This study duplicates the input into
four modules and convolve them using four different kernel sizes: (1 x5), (1 x 10), (1 x 20),
and (1 x 40). Each module is padded with zeros to retain the same size. Along the multi-
kernel temporal convolution, a tensor of size (T’ x E x F'¢) is produced, where T’ x denotes the

temporal dimensionality after convolution and F’¢ denotes the total number of temporal features
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after concatenation. All convolutions, including those modules, apply rectified linear activation

(ReLU) and average pooling to data before sending them to the next layer.

5.3.2 Remaining Modules

Spatial Processing

For each time step (7”) and temporal feature (F’¢), the study collected information across elec-
trodes using two full-length filters. A separable convolution was applied for spatial feature
learning and to reduce computational costs. Figure 5.2 depicts the separable convolution and
the virtualization of topoplots. It consists of two steps: spatial filtering and feed-forward pro-
cessing. Spatial filtering connects each temporal feature map individually to learn specific spa-
tial filters across electrodes. This study manually set the feature multiplier to 2 to increase the
number of parameters in the neural network to learn more traits better. The network gathers
data with the F'® x 2 of the respective filter (1 X E) and stacks the outputs into feature maps
(T' x 1 x (F' % 2)). The interpretation of this step is to build multiple filters that can learn
informative features across all electrode channels individually. Then, feed-forward processing
continues to learn and optimizes a temporal-—spatial summary for each feature map with inde-
pendent filters (1 x 1 x (F'® x 2)) across the spatial feature maps. Here the study learns how
to weigh the useful set of filters from the previous extraction. After this spatial processing,
temporal-—spatial feature maps (7" x 1 x F*P) are extracted, where T"” represents the time after

temporal-—spatial processing and pooling.
Channel Recalibration

From the outputs, after each temporal and spatial processing, this study needs to utilize the
limited dataset as much as possible regarding the time-cost consumption of EEG recording.
The squeeze-and-excitation block (SE block) is further applied to adaptively recalibrate the
gathering of informative feature responses by explicitly modeling interdependencies between
feature maps [26]. Adding SE blocks after the convolutional layers can help model weighting
that learns to emphasize and dismiss informative features. The weights of each feature map

are equally informative after performing temporal convolution in Section 5.3.1. The temporal
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Figure 5.2: Spatial Convolution. Spatial processing separately convolves across the electrodes
on the temporal feature maps. Feedforward processing subsequently weights the feature maps
to extract temporal-—spatial features. Shading represents how the network emphasizes or under-
states the corresponding feature maps.

SE block is briefly described in two steps. First, in the squeezing step, global information is
compressed into a feature descriptor (1 x 1 x F’¢) using average pooling. Next, a dense layer is
added with ReLU activation to reduce the channel complexity by a ratio (r) while r is set to 16.
Then, another dense layer with sigmoid activation is added to give each channel a smooth gating
function. Finally, the excitation step obtains the aggregated information and fully captures the
channel-wise dependencies. According to the temporal feature maps, the features are multiplied
by the weights of the temporal SE block and output (7’ x E x F'¢).

Moreover, after spatial processing in Section 5.3.2, the spatial SE is applied to adaptively
recalibrate temporal-spatial feature responses. The squeeze step is to compress global temporal-
spatial information into a feature descriptor (1 x 1 x F*P). Next, two dense layers reduce the
channel complexity (r = 16). In the squeezing step, the temporal-—spatial feature maps are
multiplied by the weights of the spatial SE block. After performing these convolutions, the

extracted features are generated and transmitted to the classification layer.

47



Classification

The outputs from the previous module are flattened into one vector representing all extracted
features and linearly transformed into classification logits with an FCN. For binary classifi-
cation, the final layer unit is 1. The loss function is binary cross-entropy, and the activation
function is a sigmoid function. While 3 classes classification, the final layer unit is 3. The loss
function is categorical cross-entropy, and the activation function is a softmax function. The final

output is a discrete emotion label with probability.

5.4 Experiment Settings

To validate the method’s performance, feature extractability, and classification accuracy, these
studies examined and compared it with existing methods. The experiments and results consist

of subject-dependent and independent classification on the SEED and DEAP datasets.

5.4.1 Dataset

This study conducted SEED experiments in a three-class classification, including positive, neu-
tral, and negative labels, and a binary classification with less complexity and fewer data con-
sidered positive and negative labels. On the other hand, DEAP employed 2D models rated
by subjects caused discrepancies between movie types and real subject emotions. To simplify
the problem, this study investigates a binary classification of valence and arousal scores with

positive and negative labels.

5.4.2 Baseline and Existing Models

In baseline experiments, the PSD with four bands was used as extracted features, along with ML
classifiers. The baseline classifiers related to EEG analysis comprise the KNN, RF, and FCN.
These models were tuned by grid search with the optimal hyperparameters selected, resulting
in the most accurate performance. Accordingly, the number of neighbors for the KNN classi-
fication is set to 21. The number of RF trees is set to 100. The FCN has 2 hidden layers with
100 nodes, which are then forwarded to the output layer. The activation function is the logistic

sigmoid function. Adam optimization is applied while training the FCN model.
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Moreover, this study compares the performance of MultiT-S ConvNet against existing mod-
els, including the Deep ConvNet, Shallow ConvNet, and EEGNet models. The Deep ConvNet
architecture as shown in Figure 2.3 (a) consists of one temporal convolution layer, four spatial
convolution and pooling layers, and a classification layer in order. The Shallow ConvNet ar-
chitecture as shown in Figure 2.3 (b) consists of single temporal and spatial convolution layers.
Then, it sequentially passes data to a pooling layer and a classification layer. For the EEGNet
architecture, this study refers to the original network as shown in Figure 2.3 (c), which consists
of temporal convolution and a separable convolution layer followed by a classification layer.
The settings of Deep ConvNet, Shallow ConvNet, and EEGNet are shown in Figure 5.3, Fig-
ure 5.4, and Figure 5.5, respectively. The MultiT-S ConvNet setting is depicted in Figure 5.6.
The number of filters and trainable parameters are shown in Table 5.1. This study applied the
Adam optimizer to all DL models in the training process. The loss function for binary classifica-
tion is binary cross-entropy, whereas three-class classification is categorical cross-entropy. Each
model was trained for 200 epochs with 100 batch sizes. These were trained on GPU, NVIDIA

Quadro P6000 (Santa Clara, United States), using Tensorflow [1] and Keras [12].

5.4.3 Comparison Approaches

All models were examined on the subject-dependent and independent classification of the SEED
and DEAP datasets. In the subject-dependent experiments, 5-fold cross-validation was applied,
experimenting with different partitions of 80% training data and 20% test data; 30% of the
training data were held out for validation of free parameters, and the model parameters were op-
timized on the basis of the remaining 70%. Moreover, the validation set was randomly picked on
the desired subject, and the 5-fold cross-validation was applied to all subjects. For the subject-
independent experiment, this study applied the leave-one-out cross-validation to access model
performance. The model was trained using data from all but one subject and tested on the
held-out subject; 30% of the training data were randomly selected for free-parameter validation
without balancing among subjects.

The performance metric was classification accuracy. Moreover, the experiment reports show

the chance level, which is the obtained accuracy when consistently predicting the majority

49



Block 1

Conv-Pool
Block 2

Conv-Pool
Block 3

Conv-Pool
Block 4

Batch Normalization

Activation

MaxPooling2D

| Dropout |

Batch Normalization

Activation

MaxPooling2D

| Dropout |

| Batch Normalization |
| Activation |

| MaxPooling2D |

| Dropout |

| Batch Normalization |

[ Activation |

|  MaxPooling2D |
| Dropout |

| Flatten |
FCN

| Reshape |

Conv2D (Temporal filtering)
Conv-Pool Conv2D (Spatial filtering)

kernel size = 5x 1, 24 filters
kernel size = 1xX62, 24 filters

activation fn = elu

pool size = 3x1, strides = 3x1
dropout rate = 0.2

kernel size = 6x 1, 48 filters

activation fn = elu

pool size = 3x1, strides = 3x1
dropout rate = 0.2

kernel size = 6x1, 96 filters

activation fn = elu
pool size = 3x1, strides = 3x1
dropout rate = 0.2
kernel size = 6x1, 192 filters

activation fn = elu
pool size = 3x1, strides = 3x1
dropout rate = 0.2

activation fn = sigmoid

Figure 5.3: Deep ConvNet model setting.
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Figure 5.5: EEGNet model setting.

class. To verify multiple comparisons, analysis of variance (ANOVA) was applied to deter-
mine whether the means in the desired group were significantly different. Then, Dunnett’s test

was used to observe the many-to-one comparisons with the proposed method.

5.5 Results on SEED dataset

For the SEED dataset experiments, this study performed two-class and three-class classifica-
tion to study both subject-dependent and subject-independent results. The two-class experiment
uses two-thirds of the three-class dataset to simplify the problem’s complexity and additional
investigation. Their accuracy is shown in Figure 5.7 and Table 5.2. For the performance re-
sults, all models can achieve the 50% and 33.3% chance levels in the subject-dependent and
subject-independent experiments, respectively. This work used one-way ANOVA to compare
differences in the means of all models, and the study found that the SEED dataset’s results are
significant. The post hoc Dunnett’s test is then conducted to compare every result with that of
MultiT-S ConvNet for observing the significant difference. RF, Deep ConvNet, Shallow Con-

vNet, EEGNet, and MultiT-S ConvNet significantly outperform the chance levels (p < 0.01).

51



size = 40062

[ Reshape
| BatchNorm ” BatchNorm ” BatchNorm ” BatchNorm |
| Activation ” Activation ” Activation ” Activation |activationfn:re/u

| Avg.Pooling || Avg.Pooling ” Avg.Pooling ” Avg.Pooling | poo/size:5x1, strides = 5x1

| Concatenate

[ Dropout

v

Temporal SE

| Global Pooling |

FCN

Activation

FCN

Activation

| Multiply |

SeperableConv2D

| Batch Normalization

Activation

AveragePooling2D

Dropout

Spatial SE

| Global Pooling |

Activation |

v I

Activation |

| Multiply

| Flatten

[ Activation |

Figure 5.6: MultiT-S ConvNet model setting.

Moreover, MultiT-S ConvNet achieves the highest accuracy in all experiments. For two-class
and three-class classifications, the subject-dependent results are 95.2%=+3.2% and 86.0%+5.3%
respectively, whereas the subject-independent results are 75.1%+8.4% and 54.6%+6.8% re-
spectively. RF outperforms other baseline techniques by a significant level (p < 0.05). The
accuracy of all DL models is significantly higher than KNN (p < 0.01) and FCN (p < 0.05) mod-

els. However, there is no statistical difference among deep learning models (p > 0.05), except
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in three-class and subject-independent experiments, where the accuracy of MultiT-S ConvNet is

significantly higher than that of EEGNet (p < 0.05).
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Figure 5.7: Average classification accuracy for all subjects on the SEED dataset. Error bars de-
note a 95% confidence interval (CI) computed from all subject’s means. The horizontal dashed
lines indicate the chance level. The stars indicate significant differences compared with MultiT-
S ConvNet.

5.6 Results on DEAP dataset

Using the DEAP dataset, this study conducted four experiments of valence and arousal binary
classification on both subject dependence and subject independence. The classes were defined
by emotion scores, where 1 to 4 is a negative class, and 5 to 9 is a positive class. DEAP
dataset’s results are shown in Figure 5.8 and Table 5.2. Similar to the SEED dataset, one-
way ANOVA with Dunnett’s post hoc is applied to investigate significant differences among all
models. The chance level of valence is 56.6% =+ 9.2%, whereas the chance level of arousal is
58.9% =+ 15.5%. For subject-dependent experiments, EEGNet outperforms the other models
with a valence classification accuracy of 79.2% =+ 5.8%, and MultiT-S ConvNet outperforms
the other models with an arousal classification accuracy of 82.2% + 6.5%. In both valence
and arousal experiments, all CNN models explicitly and significantly outperform the baseline
models (p < 0.01). Nevertheless, these chance levels could not be achieved in the subject-

independent experiments.
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Figure 5.8: Average classification accuracy for all subjects on the DEAP dataset. Error bars
denote a 95% CI computed from all subject’s means. The horizontal dashed lines indicate the
chance level, and the grey areas indicate the CI of chance levels. The stars indicate significant
differences compared with MultiT-S ConvNet.

5.7 Ablation Study

To verify the effectiveness of temporal filtering, the studies further investigates the effect of
temporal convolution on the other CNN models. Based on the first blocks of temporal con-
volution of each model in Figure 2.3, this ablation study reforms a temporal convolution with
multi-kernel convolution. Meanwhile, the spatial filters were halved to preserve the number of
parameters and computational cost. Here, this study consider a two-class classification with a
subject-independent setting on the SEED dataset, and the results are shown in Table 5.1. In ad-
dition, a paired t-test is used to observe the difference between the corresponding models. Deep
ConvNet with multi-kernel temporal convolution consists of 12 x 4 temporal (band) filters, 12
spatial filters, and 168 temporal-spatial filters. As a result, the number of trainable parame-
ters decreases from 182,497 to 73,777. It significantly outperforms the original Deep ConvNet
with 73.96% accuracy from 72.04% (p < 0.05). For EEGNet with multi-kernel temporal con-
volution, the number of trainable parameters increases from 13,537 to 16,177, but it achieves a
significantly better accuracy of 74.00% than the original EEGNet of 70.15% (p < 0.01). How-
ever, there is no significant difference between Shallow ConvNet with and without multi-kernel
convolution (p > 0.05). Moreover, this study trained the MultiT-S ConvNet model without SE
blocks to observe their effects on the learning performance. The accuracy of proposed model

without SE Blocks decreases from 75.13% to 73.95% (p < 0.05).
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5.8 Discussion

In this study, the accuracy performance was examined using SEED and DEAP, which are well-
known EEG emotion datasets. In addition, existing and proposed models were implemented
with similar settings, including data segmentation, pre-processing, parameter tuning, and evalu-
ation metrics, to ensure the reliability of model performance comparison. The experiments and
results demonstrate that all ConvNets with appropriate design choices can outperform traditional
approaches in terms of accuracy performances in all classification experiments. Moreover, this
study compares MultiT-S ConvNet against existing ConvNet models in terms of accuracy per-
formance in EEG-based emotion classification, as shown in Table 5.3. The comparison shows
that the overall performance of MultiT-S ConvNet outperforms Deep ConvNet, Shallow Con-
vNet, and EEGNet with higher accuracies of 2.2%, 2.3%, and 3.7%, respectively.

According to the result, the SEED dataset is more uncomplicated to classify than the DEAP
dataset because it contains different sources of emotional labels and the cleanliness of the sig-
nals. For the emotion states, the SEED dataset uses the movie types, whereas the DEAP dataset
uses a subject questionnaire. This ambiguity directly affects the classification performance and
trustworthiness of each dataset. Based on the SEED dataset results, all the obtained accuracy
reached the chance level (p < 0.01) in both subject-dependent and independent experiments.
For the DEAP dataset, only the ConvNet-based techniques reached the chance level (p < 0.01)
in the subject-dependent experiments. In contrast, for the DEAP dataset, none of the models
could surpass the chance level in subject-independent experiments. Many studies using the
DEAP dataset have mainly conducted subject-dependent experiments because the data distribu-
tion of each subject in this dataset is highly diverse and varied. Observing the topoplots of PSD
features in 4 frequency bands by human eyesight shows that the SEED dataset plots can be dis-
tinguished, whereas the DEAP dataset plots are very similar. In terms of subject-dependent and
subject-independent learning, subject-dependent performance outperforms subject-independent
performance significantly in all experiments. Consequently, the individual distribution directly
affects learning performance. Moreover, the proposed model results are comparable and consis-

tent with existing studies in terms of average accuracy [51].
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5.8.1 Effect of Multi-Kernel Convolution

For several decades, ML has been applied in EEG analysis for individual modules combined
with prior knowledge. Most previous studies applied manual parameterization for feature ex-
traction and then transmitted them to an ML classifier [5, 36]. These traditional techniques
require background knowledge for signal processing, noise reduction, and data manipulation.
From the results in terms of the PSD feature, the classifiers are possibly influenced and affected
by the noise and complexity of multi-channel EEG signals, resulting in poor performance. How-
ever, the ensemble model, RF, performs well overall and significantly outperforms all baseline
techniques on the SEED dataset. The RF model potentially learns how to reduce the generaliza-
tion error of the prediction and deal with various EEG classification tasks.

On the other hand, ConvNet models are a better choice in EEG analysis than manual hand-
crafted features. Numerous ConvNets with end-to-end architecture have been proposed to learn
informative features and deal with the variation of noises in EEG analysis automatically and
efficiently. For instance, attention classification using Shallow ConvNet and long short-term
memory (LSTM) network on a three-back task [17], and emotion classification using subject-
invariant bilateral variational domain adversarial neural network [22]. However, EEG features
need to be extracted into various representations that improve the learning effect, especially
for EEG analysis. Here, this study proposed the multi-kernel convolution that helps the model
achieve better results than the single-kernel convolution. As a result, the module applies to
and obtains better accuracy than existing ConvNets while preserving the model size and com-
putation costs. In this study, all ConvNets models outperform the baseline techniques in all
experiments, except in subject-independent experiments on the DEAP dataset. The number of
parameters verifies that the learned features are useful for classification. It effectively estimates
missing data and maintains good accuracy even when a large proportion of the data is miss-
ing. With significantly higher accuracy performance, MultiT-S ConvNet has approximately six
times and three times fewer trainable parameters than Deep ConvNet and Shallow ConvNet,
respectively. Despite having fewer parameters than the proposed model, EEGNet performance
is unstable in terms of the average accuracy and standard deviation of the SEED and DEAP

datasets. Moreover, the additional variations of features extracted by multi-kernel reduce over-
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fitting or vanishing gradient problems while training a model.
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Chapter 6

Conclusion and Future Work

6.1 Summary

This research addressed a well-designed end-to-end convolution network in classification based
on physiological signals, especially EEG signals, to increase feature extractability. First, this
research aimed to compare physiological responses in feasible emotional affect recognition us-
ing sequence learning. Based on the results, only EEG features outperform the combination
of modalities. Considering ECG features, the signals could not interpret in a short duration
of input. While eye-tracking features could not denote the emotional affects, the subjects just
watched the interesting points in each scene. In recognition techniques, sequence learning using
the LSTM network outperforms the traditional techniques. The results could gain a continuous
affect along with the duration and apply to comprehend the feedback and obtain an advantage
from the interesting points ads. The results show that the output sequence corresponds to the
user’s feeling scores over time.

Second, this research presents the comparative study of wet and dry systems by perform-
ing two cognitive tasks and proposes the EEG-based classification model by constructing the
convolution neural network with LSTM networks. The analysis shows the tendency relation-
ship between dry and wet systems, not only in the statistical reports but also in classification
results. Besides, the frontal brain activity occurs while performing the attention and music-
emotion trials, similar to literature evidences. Overall results show that ConvNet with LSTM
networks outperformed the baseline with PSD and ConvNet with FCNs on all datasets signifi-

cantly. Unfortunately, our studies are limited to small imbalanced-dataset problems. It directly
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caused reliability and the overfitting problem when classified by machine learning techniques.
The experiments on the existing dataset verify that the proposed model performance relieves
this problem.

Third, this study proposed multi-kernel filtering to increase the variation of temporal repre-
sentations and further recalibrate both temporal and spatial features using the lightweight gat-
ing mechanism. The results show that our MultiT-S ConvNet outperforms the traditional and
existing models. The number of parameters verifies that the learned features are helpful and
informative for EEG-based emotion classification. ConvNets effectively estimates missing data
and maintains good accuracy even when a large proportion of the data is missing. MultiT-S
ConvNet has fewer trainable parameters than Deep ConvNet and Shallow ConvNet with signif-
icantly higher accuracy performance. Moreover, the multi-kernel reduced overfitting or vanish-
ing gradient problems by extracting the variations of features. Ultimately, adding the proposed
multi-scale module to existing models of EEG-based convolution networks improves the learn-
ing ability and classification performance while preserving computation costs. However, there
are some limitations in the current study that could be addressed in future research to diversify

the research problem and applications.

6.2 Future Research Directions

The findings in this research may lead to practical applications in EEG classification. In the
future, the applicability of the MultiT-S network will be explored in brain disease recognition,
such as epilepsy and Alzheimer’s disease. The end-to-end model classifies the raw signal with-
out pre-defined knowledge and expertise. Furthermore, the classification result potentially sup-
ports a specialist’s diagnosis for more promising treatment from training large amounts of data.
In addition, this proposed model could be further developed to allow detecting and analyzing dy-
namic changes in EEG signals over time. The model could perform a real-time interaction and
outputs a continuous sequence along the task, such as game playing or anomaly detection during
activity. Finally, the proposed module could be added to any model of EEG-based convolution
networks, and its ability could improve the learning effect of other existing models when there is

a limited dataset. Moreover, the multi-scale can be further developed by varying the kernel size
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for other signals to extract various representations while preserving the computational costs. In
the future BCI application, this research strongly supposes that a non-invasive electrode with
a dry system combined with an end-to-end model may become a future brainwave translation

tool.
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Appendix A

The visualization of SEED and DEAP
datasets

A.1 The examples of topoplots extracted from PSD features

According to the complexity of SEED and DEAP datasets, these figures visualize the PSD
features of theta, alpha, beta, and gamma bands. The topoplots of the SEED dataset are shown
in Figure A.1 and A.2. The difference between the positive, neutral, and negative classes can
be observed and related to the literature studies [50, 42, 31]. On the other hand, Figure A.3 and
A.4 show the topoplots of the DEAP dataset. The differences between classes are complicated

to distinguish, which caused the classification analysis hard.
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Subject no. = 03 Theta Alpha Beta Gamma
Stimuli no. =40 41 42 (4-7 Hz) (8-12 Hz) (13-32 Hz) (>33 Hz)

Positive

Neutral

Negative

Figure A.1: Visualization of power spectrum features derived from subject no.3. Each of the 3
rows shows the positive neutral and negative.

Subject no. = 04 Theta Alpha Beta Gamma
Stimuli no. = 40 41 42 (4-7 Hz) (8-12 Hz) (13-32 Hz) (>33 H)

Positive

Neutral

Negative

Figure A.2: Visualization of power spectrum features derived from subject no.4. Each of the 3
rows shows the positive neutral and negative.
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Subject no. = 02 Theta Alpha Beta Gamma
Stimulino.=0121 (4-7 Hz) (8-12 Hz) (13-32 Hz) (>33 Hz)
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Figure A.3: Visualization of power spectrum features derived from subject no.2. First two rows
show the positive and negative of valence and Next two rows show the positive and negative of

valence arousal.

Subject no. =03 Theta Alpha Beta Gamma
Stimulino.=0121 (4-7 Hz) (8-12 Hz) (13-32 Hz) (>33 Hz)
Positive
Valence
Negative i:
Positive 2
Arousal
Negative

Figure A.4: Visualization of power spectrum features derived from subject no.3. First two rows
show the positive and negative of valence and Next two rows show the positive and negative of

valence arousal.
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