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Abstract: Electroencephalography-based emotion recognition is essential for brain-
computer interface combined with artificial intelligence. This paper proposes a novel
algorithm for human emotion detection using a hybrid paradigm of convolutional neural
networks and a boosting model. The proposed algorithm employs two subsets of 18 and
14 features extracted from four sub-bands using discrete wavelet transform. These features
are identified as the optimal subsets of the most relevant, among 42 original input features
extracted from two subsets of 8 and 6 productive channels using a dual genetic algorithm
combined with a wise-subject 5-fold cross validation procedure in which the first and
second genetic algorithms address the efficient channels and optimal feature subsets. The
feature subsets are estimated by differently intelligent models and wise-subject 5-fold cross
validation procedure on the validation set. The proposed algorithm produces an accuracy
of 70.43% /76.05%, precision of 69.88% /74.57%, recall of 98.70% /99.17%, and F1 score of
81.83%/85.13% for valence/arousal classifications, which suggest that the frontal and left
regions of the cortex associate especially to human emotions.

Keywords: electroencephalogram; bio-signal processing; genetic algorithm; wavelet transform;
deep learning; machine learning

1. Introduction

In recent years, affective computing has attracted significant interest among researchers
from various fields, which requires human knowledge from multiple disciplines, including
psychology, biology, and computer science [1,2]. A major challenge in these areas is
emotion recognition, which focuses on enabling computer systems to process, recognize,
and understand human emotional expressions accurately. Moreover, emotions play a key
role in the fields of brain-computer interaction and artificial intelligence. Advances in
emotion recognition technology can propel the progress of numerous disciplines, such as
computer science, robotics, psychology, neuroscience, medicine, education, entertainment,
and criminal investigation [3].

Human emotion detection can be conducted using either non-physiological or phys-
iological signals” data [4]. Non-physiological signals, such as facial expressions [5], are
unreliable due to inaccurate emotions caused by illness or artificial control leading to un-
clear or incorrect signal acquisition. In contrast, physiological electroencephalograph (EEG)
signals are generated naturally by the mental states and endocrine systems in response to
emotions, which are resistant to human manipulation. EEG uses scalp electrodes to directly
record brain signals, which are nonlinear, non-stationary, and noisy [6]. Indeed, EEG signals
are considered a more effective yet challenging method for emotion classification due to
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characteristics of reliability, high temporal resolution, cost-effectiveness, and sensitivity to
emotional changes. Obviously, the EEG are internal signals generated naturally from the
brain without human interferences. Then, identification of the best method for emotion
recognition is the big challenge for the biomedical experts. Moreover, EEG data collection
presents various difficulties essentially due to specialized knowledge and high quality cap-
ture methods. It is clear that additional noise is existed in the collected EEG signals, which
definitely reduces the signal quality. Because of the EEG complexity, the noise removal is
researched continuously. Another challenge is the input feature dimension reduction while
maintaining relatively high performance related to emotion detection. Furthermore, the se-
lection of affective classifier is also an important challenge. Indeed, a small but effective
input features and the optimal classifier produce better emotion detection performance and
are easily applied in the practical environment [7].

Emotion recognition using the EEG signals employs discrete and dimensional models
in which the former sorts emotions into positive and negative categories [8], while the
latter adopts the 2-dimensional valence-arousal Russell’s circumplex model, which delimits
emotions on a scale of varying emotional intensity ascending from left to right and bottom
to top on the coordinate axis system [9]. Additionally, different human states are linked
closely to brain activities in various regions and frequency bands. Therefore, electrodes are
positioned at various locations on the scalp to capture EEG signals from the corresponding
brain regions [2]. Furthermore, EEG signals originate from the electrical wave frequencies
of the human brain, which range from 1 to 100 Hz corresponding to 5 distinct sub-bands
of delta, theta, alpha, beta, and gamma [10]. In addition, the human brain is constructed
from the cerebrum, cerebellum, and brain stem, in which the cerebrum is divided into the
frontal, parietal, temporal, central, and occipital lobes. The individual lobes provide unique
EEG signals, which are crucial for emotion recognition. As a result, the electrode order is
labeled as low, medium, and high corresponding to the first 32, from 33 to 128, and higher
than 128 electrodes in resolution, respectively [11].

The rapid advancements in Machine Learning (ML) and Deep Learning (DL) have
promoted a large number of extensive studies on the effective designs of emotion detection
applied in practical environments. Obviously, channel and feature selection plays a cru-
cial role in the optimization of the intelligent model. However, existing works have not
considered properly the channel selection for the model optimization. Indeed, the entire
channels are commonly used for feature extraction in most of the existing works [2,4,5,10].
Furthermore, a small amount of the original features is considered for the feature extraction
from various channels and signal sub-bands, which results in a huge feature space used as
the input of different models. It is noteworthy that the identification of the most relevant
feature subset extracted from different sub-bands is an especially time-consuming proce-
dure. Additionally, signal decomposition plays a crucial role in EEG analysis. The study
in [12] presents the Empirical Wavelet Transform (EWT) as a potential method. This
method decomposes signals into their frequency components, enabling detailed analysis
by constructing a customized wavelet basis. Another approach, as demonstrated in [13],
highlights the effectiveness of decomposing signals using Discrete Wavelet Transform
(DWT). DWT effectively decomposes signals into sub-bands, including theta, delta, beta,
and gamma, which are valuable for extracting key features in EEG analysis applications. In-
deed, DWT is a crucial method for capturing both slow-varying low-frequency components
and rapidly changing high-frequency components, making it well-suited for analyzing
discrete EEG signals.

Motivated by the above analysis, we propose an emotion detection algorithm using
Machine Learning (ML) and Deep Learning (DL) techniques. The proposed method
uses Discrete Wavelet Transform (DWT) to decompose the preprocessed EEG signals into
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different sub-bands of frequencies, which are then adopted for the extraction of numerously
original features. Moreover, the Genetic Algorithm (GA)-based exhaustive search method
in combination with the wise-subject cross-validation (CV) and an ML model as the fitness
function is implemented to address the optimal channels and feature subsets. Finally,
the proposed algorithm is validated for its detection performance by the wise-subject CV
method on a separate dataset to improve the reliability of the applications in practical
environments. The main contributions of this work are as follows:

* Investigation of expanded input features extracted from various sub-bands con-
structed from preprocessed EEG signals, which is effective in addressing the most
relevant feature subsets in terms of detection performance improvement.

*  Quality improvement of the final feature subsets by the application of dual GA pro-
cedures, in which the first GA is used to select the most productive channels using
the total input features, and the second GA identifies the most informative features
extracted from the selected channels.

¢ Proposal of a reliable algorithm for emotion detection, which is based on performance
result comparisons of various models using a wise-subject CV-based statistical method.

This paper is organized as follows: Section 2 presents a literature review. Section 3
describes the materials and methods used in the research. Section 4 provides the simulation
results, followed by the discussion in Section 5. Finally, Section 6 summarizes the key
findings and concludes the paper.

2. Literature Review

The effectiveness of different ML models in [4,14-23] has been proven in the applica-
tions of emotion detection using EEG signals. Obviously, the utility of ML models requires
feature extraction and selection using EEG signals to identify the most informative feature
subsets for the improvement of the final detection performance. Indeed, the Support Vector
Machine (SVM) is used as the main model for the method development in [14] using
features extracted from EEG signals in time, frequency, and time-frequency domains. Here,
the most relevant feature subset is selected by a modified particle swarm optimization
method with multistage linearly-decreasing inertia weight for the input of the SVM model,
which contributes to the significant improvement of multiple emotion recognition. In [15],
2 models, namely K-nearest neighbors (KNN) and Artificial Neural Networks (ANN) use
the entropy and energy features extracted from the sub-bands, which are generated by
the Fourier-Bessel series expansion-based empirical wavelet transform. The preselection
of 10 channels from the frontal lobes in combination with 3 feature selection algorithms
such as neighborhood component analysis, ReliefF, and minimum-Redundancy-Maximum-
Relevance (mRMR) results in the input feature dimension reduction while the final detection
performance of the proposed algorithm is improved certainly.

A GA based evolution algorithm is applied for the feature selection, which releases the
most relevant feature subsets used as the input of KNN, Random Forest (RF), ANN mod-
els [19] and SVM [20] for the estimation of their performance in terms of emotion detection.
In [19], the effectiveness of the GA has been proven clearly with a small percentage of the
selected features, approximately 2% out of the total, corresponding to the model, which
shows better detection performance than that using the entire input features. The authors
of [20] consider 3 original feature sets for the GA-based feature selection, which leads to
the feature proportions of 10%, 12%, and 25% chosen from the 3 above feature sets. In [21],
the performance investigation of the variational mode decomposition and the DWT is
indicated by the effectiveness comparisons of sub-signals in different frequency bands for
feature extraction. Additionally, the non-dominated sorting genetic algorithm (NSGA-II)
is implemented for the identification of the most effective channels and features in com-
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bination with different ensemble learning algorithms. As a result, a subset of 8 features
extracted from 7 channels, which are selected by the variational mode decomposition-based
feature extraction combined with the NSGA-II, and a SVM model are proposed as the final
emotion recognition algorithm.

Furthermore, the principal component analysis is deployed for the dimension re-
duction of the feature matrix, which is constructed by the power spectral density of the
individual sub-bands. In [22], the performance superiority is confirmed definitely for the
quantum-based SVM in comparison with the conventional SVM models. The authors
of [4] also employ the principal component analysis for the dimension reduction of the
input feature space including sub-band power, energy, and others in the time domain.
Here, the wavelet-based atomic function and ML models are considered for the signal
decomposition and classification. To improve the detection performance and generalization
ability of the ensemble learning models, the overlapping 4s EEG segments are used for the
extraction of numerous features, which are then reduced by the SVM model using L1-norm
penalty-based feature selection. In [23], the detection performance of various ensemble
learning models is compared for the proposal of the MOSNK model as the final algorithm
using all of the extracted features.

There is no requirement of feature extraction, and selection using human expert knowl-
edge or conventional expertise for the application of the DL models. Moreover, representa-
tive features are reinforced by the capability of the deep learning process, which makes the
DL models outstanding in comparison with the ML techniques. Indeed, the authors of [24]
use 2-dimension power topographic maps constructed by the power spectral density fea-
tures of 5 sub-bands, which are then used as the input of the spatial-temporal information
learning network including spatial feature extraction based-convolutional neural network
(CNN) and temporal context learning based-long short term memory (LSTM). The power
topographic maps effectively represent the most vital brain areas while the temporal context
learning based-LSTM captures significant dependencies of EEG frames. The study in [25]
introduces a hybrid unsupervised deep convolutional recurrent generative adversarial
network designed for EEG feature characterization and fusion namely EEGFuseNet. This
network plays a role in automatic deep feature extraction, which captures spatial and tem-
poral dynamics, making them more generic and independent of specific EEG tasks. In [26],
the adjacency matrices calculated by the phase locking value (PLV) method are adopted
for the interaction representative of sub-bands generated from 20s EEG segments. Then,
the CNN model is fed with the above matrices as the input for further classification. Clearly,
the final detection performance of the proposed algorithm is improved significantly with
the use of group PLV compared with individual PLV. Besides, the authors in [27] propose
a novel deep learning framework for EEG-based emotion recognition, which includes a
spatio-temporal representation of multichannel EEG signals namely TQWT-feature block
sequences and a hybrid convolutional recurrent neural network. Here, a lightweight CNN
and a LSTM network capture spatial information and temporal dependencies, respectively,
are the 2 main elements of the hybrid convolutional recurrent neural network, which proves
the essential ability of emotion recognition. Various ensemble learning and DL models are
investigated in [28] using a large number of features extracted from 5 sub-bands. Superior
detection performance is released for a hybrid paradigm in comparison with that produced
by ensemble learning or individual DL models. In [29], the proposed method includes a
graph convolutional network using differential entropy-based 3-dimension spatial-spectral
features extracted from various sub-bands by the Welch method. Here, the adjacency matrix
calculation is based on the above features and contextual loss computed by trainable adja-
cency relation in combination with the graph convolutional network model. The detection
comparisons between the ML and bidirectional LSTM are provided in [30] using 4 features
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extracted in time, frequency, and entropy domains. The structure of the bidirectional LSTM
is optimized by the investigation of hyperparameters, which produce better performance
compared with that released by the ML models.

To improve the emotion detection performance of the proposed algorithm, feature
and channel selection are considered for the optimization of the extracted features as the
input of DL models. In [2,17], adjustable channel selection based on attention distribu-
tion in the graph structure and 10 frontal lobe channels are given for the construction
of scalogram images, and intra- and inter-channel EEG features. Moreover, the graph
convolution models [2] and the deep CNN [17] are proposed as the emotion classifiers in
which the classification performance of the former is slightly higher than that of the latter.
The scalogram images are also used in [31] generated by the wavelet transform to convert
EEG signals from time-scale representation into these images using different sub-bands.
Then, the preselection model namely GoogLeNet is applied for emotion recognition using
the scalogram images, which produces a relatively high performance for the multiple
emotion classification. In [32], images are generated by the synchrosqueezing wavelet trans-
form, which are then used as the input of a pretrained model namely ResNet-18 for binary
emotion classification. Similarly, the authors of [33] consider a fused 2-dimension image
combined from the connectivity measures and different overlapping time windows, which
represent effectively brain connectivity. Then, a hybrid DL technique of CNN and LSTM is
adopted for the regconition of four emotions using the above images. Moreover, the CWT
is considered in [34,35] for the construction of the scalogram images, which improve the
representation of the input EEG signals.Then, the final emotion recognition is decided by
the majority voting algorithm [34] using the output of different transfer learning models
and by the multiclass SVM model [35] using the best feature layers of various transfer
learning models.

In [36], the binary gray wolf optimizer is implemented for the selection of the most
relevant input features from statistic, wavelet, and Hurst exponent features. Additionally,
the differential evolution algorithm is also employed to identify the optimal hyperpa-
rameters for the bi-directional LSTM model structure proposed as the final algorithm.
Channel optimization is also considered in [37], where NSGA-II is implemented to bal-
ance the two-objective problem in terms of detection performance and channel number.
Besides, the CNN is applied for the proposed algorithm namely EEGNet, which uses the
feature extracted from the sub-bands using the DWT. The authors of [38] introduce binary
many-objective particle swarm optimization with cooperative agents in combination with
a ConvLSTM model as the channel selection method. Here, the proposed model is based
on the autoencoder, which shows better performance in capturing the spatio-temporal
information of the preprocessed EEG signals.

From previous studies, two key research gaps have been identified: (1) the lack of
proper channel selection for model optimization and (2) a small number of extracted fea-
tures used as input. Many studies have not adequately considered channel selection, which
may compromise the efficiency of the EEG-based emotion recognition system. In addition,
a small number of extracted features can limit the model’s ability to capture comprehensive
patterns in EEG signals. To address these limitations, this study implements an optimized
channel selection process using GA to identify the most relevant EEG channels, thereby im-
proving signal quality and model efficiency. Furthermore, we expand the extracted feature
set to 42 features across time-frequency, entropy, and complexity domains. Increasing the
number of extracted features is essential because EEG signals exhibit intricate variations
that require a richer feature set for comprehensive pattern recognition.
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3. Materials and Methods

In our research, to enhance the performance of models used in EEG-based emotion
recognition, we employ a variety of models including ML, DL, and hybrid models. The op-
timization algorithms to fine-tune the models and identify the most effective parameter
values are also implemented in terms of emotion detection performance improvement.
Moreover, the DWT is adopted for the decomposition of the EEG signals, which are gener-
ated from various brain areas, into multiple sub-bands for the quality improvement of the
extracted feature related to the human emotions in time-frequency, entropy, and complexity
domains. By combining the advanced model optimization with the productive feature ex-
traction, the research purpose is to significantly enhance both the accuracy and robustness
of emotion recognition using the EEG signals.

The proposed method consists of 4 phases namely data preprocessing, channel and
feature selection, model selection, and model validation as shown in Figure 1. In the first
phase, EEG signals are preprocessed by the bandpass filter and downsampling method.
Moreover, 4 bands namely theta, alpha, beta, and gamma are constructed from the pre-
processed EEG signals by the utility of DWT. The total input features (TIF) are extracted
from various signal bands in time, entropy, and complexity domains in the second phase.
The optimal channels (OCH) are then selected by the GA using the TIF and the wise-subject
5-fold CV procedure. Moreover, the most informative features, as selected combined fea-
tures (SCFs), are also addressed from the optimal channels (OCH) using the above GA
method. In the third phase, a grid-search-based method is implemented for the selection of
the optimal ML and DL models using the TIF extracted from the OCH and the wise-subject
5-fold CV method on the training set. In the last phase, the selected ML and DL models
are validated for their detection performance on the validation set using the wise-subject
5-fold CV procedure. It is noteworthy that the 5-fold CV procedure is selected to ensure
20% of the total subjects used for the validation set.

EEG dataset Preprocessing
DWT
Bandpass fil-ter, Theta, alpha,
Downsampling beta, gamma
Training set
\4
S |Feature Extraction S'\de?I 2
g | | Time, entropy, ||SCFs election) | o
Ko complexity —> ML §
(3 domains, others DL =
o ©
2 TIF v |17
L [Channel Selection|
=) Selected
c [GA v | OCH y rodels
E KNN Feature
c Selection| (| Model Estimation
S |[/€V KNN GA (|| ML DL ‘cv

Figure 1. Method diagram.
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3.1. Data Descriptions

Materials for emotion analysis used in this work are the database of the Physiological
Signals (DEAP) [39], which is a collection of EEG signals from 32 subjects, ranging from
19 to 37 years old with equal numbers of males and females. A total of 40 videos with a
length of 63 s are watched and listened to by the subjects to stimulate various emotions,
which are measured by valence, arousal, liking, and dominance scales based on participant
self-report. EEG signals are recorded with 40 AgCI wet electrodes during the period of
video time with a sample frequency of 512 Hz.

3.2. Materials Preprocessing

The dataset is preprocessed with different techniques for further feature extraction
as follows:
(a) Preprocessing
We use the DEAP dataset for this work, which was preprocessed by [39] as follows:
The data was downsampled to 128 Hz.
EOG artefacts were removed.
A bandpass frequency filter from 4-45 Hz was applied.
The data was averaged to the common reference.
The EEG channels were reordered so that they all follow the Geneva order as above.

AN

The data was segmented into 60-s trials and a 3-s pre-trial baseline removed.

After preprocessed by [39], the individual EEG signals have a length of 63 s including
the first 3 s of the pretrial baseline, which are then removed to correct the stimulus changes
of EEG signals. As a result, 32 (subjects) x 40 (videos) x 32 (channels) x 7860 (data points)
as considered as the preprocessed EEG signals using for our work. It is noteworthy that
we do not implement a filter to denoise EOG and EMG because this technique has already
completed by [39].

(b) Labelling

Two dimensions of emotions are selected namely valence and arousal for further
classifications in the DEAP dataset. Each dimension ranges from 1 to 9 in which a threshold
of 5 is employed. Binary classifications are for two scenarios using the above threshold,
which are high/low valence and high/low arousal. As a result, four emotions namely Joy,
Calm, Disgust, and Sadness are identified by High Valence High Arousal (HVHA), High
Valence Low Arousal (HVLA), High Arousal Low Valence (HALV), and Low Valence Low
Arousal (LVLA), respectively.

(c) Signal band construction

The DWT is an effective method known as a nonredundant sampled continuous
wavelet transform (CWT) technique [40], which generates a set of wavelet coefficients of
the discrete time series. Then, an orthogonal set of basic function is constructed by the
use of the above wavelet coefficients, which ensures the nonredundant representation.
By breaking down a signal into components at different frequencies and scales, DWT is
particularly well-fitted in application for the non-stationary EEG signals [13], which makes
DWT as a widely applied method for time-frequency analysis in the fields of neuroscience
and biomedical engineering. The DWT of S(t) is defined as [41]:

Wy (ig, k) = \F Y S(H)Djy x 1)

and

Wi ( Y S(HPix(t) )
k

-



Appl. Sci. 2025, 15, 2328

8 of 23

where, @(t) and 1(t) are wavelet function and scaling function, respectively. N is power
of 2. i is the scale parameter withi = 0,1,2,...,I — 1, and k is the shift parameter with
k=0,1,2,...,2 —1. S(t) is reconstructed by

-1
S(6) = 3 K Wolio2s(t) + o T T Wyli kis(0) ©

i=ip k

There are two components constructed by the DWT namely the low-pass and high-
pass filters, which produce the approximate and detail signals using a scaling and a wavelet
functions as shown in (1) and (2), respectively. The signal decomposition process is imple-
mented recursively through various levels using repeatedly the high- and low-pass filters in
which the detail signal is kept in current level while the approximate signal is continuously
decomposed by the above filters in following level. We use four sub-bands constructed
from preprocessed EEG signals using the DWT method with the fourth Daubechies mother
wavelet function (db4). Here, the preprocessed EEG signals are decomposed into different
sub-bands corresponding to frequency ranges such as theta of [4-8] Hz, alpha of [8-16]
Hz, beta of [16-32] Hz, and gamma of [32-45] Hz. Figure 2 shows an example of different
band signals.

h
045 Theta 0.45 Alpha
02 02
s S
& E
Q o
=
L ER
£ )
<
< 02l 02F
0.45 ‘ -0.45 ‘
0 2.5 5 0 2.5 5
Time (s) Time (s)
045 Beta ‘ 0.45 Galpma
02 ~ 02
>
% g
[} [}
: o ER
: £
< 02 " 02
-0.45 . . -0.45 -
0 2 4 0 2.5 5
Time (s) Time (s)

Figure 2. Examples of Theta, Alpha, Beta, and Gamma signals.

3.3. Channel and Feature Selection

The optimization method is applied for the selection of channels and features in this
work as follows:

(a) Feature Extraction

A total of 42 input features are extracted from four sub-bands generated by DWT
using different techniques in time-frequency, entropy, and complexity domains as shown
in Table 1 panels (a), (b) and (c). All input features are extracted and used for the next step
of channel selection.
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Table 1. (a) The descriptions of the time-frequency domain features. (b) The descriptions of the

entropy domain features. (c) The descriptions of the complexity domain features.

(a)

Time-Frequency Domain Features

Features Name

Description

Hjorth activity (HA) [23]

Representation of the signal power information

Hjorth complexity (HC) [23]

Reflection of the bandwidth and the change in frequency

Hjorth mobility (HM) [23]

The square root of the ratio between the variance of the signal’s

first derivative and the variance of the signal

Maximum of power spectral density
(mPSD) [23]

The peak of spectral energy at a particular frequency

Maximum frequency (MF) [23]

The maximum frequency corresponding to mPSD

Lyapunov exponent of the uniformly
sampled time-domain signal (LyaExp) [23]

Quantification of periodic behavior of chaotic systems

First difference (FD) [14]

Representation of the relationship between the current data
point and its preceding one, highlighting changes in the
waveform’s dimensionality over time

Second difference (SD) [14]

Representation of the relationship among 3 consecutive data
points and is a measure that is highly sensitive to changes
in the signal’s amplitude

Normalized first difference (NFD) [14]

Reflection of the change between the current data and the
previous data in the normalized EEG signal

Normalized second difference (NSD) [14]

Description of the relationship between 3 sequential
data points in the normalized EEG signal

Mean absolute value (MEA) [42]

Measurement of the average magnitude of the signal

Mean value of EEG amplitude (MA) [42]

The average value computed from all points in the signal

Median value of EEG (Med) [42]

The middle value in a signal’s data set after arranging all
values in ascending or descending order

Average power (BPA) [42]

The mean of the squared amplitudes of the signal

Energy (Ene) [42]

The sum of the squared magnitudes of all the signal’s
components

Slope sign change (SSC) [43]

Measurement of the number of times the slope of the
waveform changes sign

Zero crossing rate (ZCR) [43]

A measure of EEG waveform frequency
cross the zero axis in a unit time

(b)

Entropy Domain Features

Features Name

Description

Approximate entropy (AE) [23]

Quantification of fluctuation regularity and unpredictability

Permutation entropy (PE) [23]

Analysis of the relative occurrence of each of these patterns

Singular entropy (SSE) [23]

Computation of applying singular value decomposition to the

trajectory, which is reconstructed a one-dimensional time series

into a multidimensional phase space

Shannon entropy (ShE) [23]

Measurement of uncertainty, commonly to evaluate the degree

of chaos in EEG signals
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Dispersion entropy (DE) [44]

Quantification of the regularity of a time series

Fuzzy entropy (FE) [45]

Measurement of the degree of similarity between two vectors
based on their shape

Renyi entropy (RE) [46]

Measurement of the uncertainty in a probability distribution
using a parametric family of indices

Sample entropy (SE) [47]

A metric of the underlying or complexity

Maximum of Spectral entropy (Spe) [47]

Measurement of the irregularity or complexity of the signal’s
power distribution across frequencies

Tsallis entropy (TE) [48]

Description of the physical behavior of a system and aids in
distinguishing between bursts, continuous rhythms, and
spikes in EEG signals

(c)

Complexity Domain Features

Features Name

Description

Co-dimension (CoD) [23]

Identification of the number of independent variables required
to characterize the system’s dynamics

C0 complexity (CO) [23]

The proportion of stochastic components in a signal, assumed
to have both regular and stochastic elements

Auto regressive model (AR) [49]

Modeling the characteristics and information present in a signal,
where each sample is calculated by adding up the weighted
previous samples

Higuchi (HFD) [50]

Definition of the minimum number of coordinates required to
identify any point in phase space

Hurst (H) [50]

Measurement of the degree of self-similarity and predictability
within a time series under this nonlinear statistical model

Root mean square of amplitude (AM) [42]

Representation of the square root of the average of the sum of
the signal’s squared values

Variance (Var) [42]

A measure of signal data dispersion, determined by the average
of the squared differences from the mean

Skewness (Sw) [50]

Measurement of the asymmetry of a real-valued distribution
function relative to its mean

Phase space reconstruction (Psr) [51]

Transformation of time series properties into topological
features of a geometric object, preserving the original space’s
topological properties

Hilbert transform (Hilb) [51]

Representing frequency as a phase change rate

Complexity measure (CM) [52]

Measurement of the complexity and irregularity in EEG data

Covariance calculation (Cvbin) [53]

Quantification of the variance in the EEG signal and the
corresponding binary signal

Frequency calculation (Frgbin) [53]

The count of binary signal transitions between '0” and "1,
followed by division the result by 10 to obtain transitions for 1s

Area calculation (Abin) [53]

Representation of the maximum between the sum of binary
signal values and the sum of inverted binary signal values

Kurtosis (Kurt) [50]

Measurement of the peakedness or flatness of a signal relative to
its normal distribution
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(b) Channel and Feature Selection

The original EEG dataset is collected over the AgCl wet electrodes and Biosemi
ActiveTwo system [39], which possibly represent high correlation of the EEG signals.
Hence, the final detection performance of human emotions is decreased due to the low-
quality feature extracted from the above EEG signals. Moreover, few irrelevant features
are certainly included in the TIF extracted from improper channels, which results in a
decrease in the final performance of the emotion detection algorithm. Therefore, the GA-
based channel and feature ranking methods are employed for the selection of the most
informative channels and features in terms of emotion detection [20]. The chromosome
includes a string of 32 binary bits representing 32 channels in which 1 and 0 bits are
assigned to channel presence and absence, respectively. An exhaustive search is performed
in 100 generations of GA in which each consists of 200 chromosomes, known as population,
to generate various channel combinations with crossover of 0.8, and mutation of 0.02.
The TIFs are then extracted from individual combinations for further resubstitution loss
estimation of the KNN model-based fitness function on the training set using the wise-
subject 5-fold CV. A repetition of 100 times is deployed for the GA resulting in the number
of times that channels are selected. Because the individual channels represent variously
specific human brain regions, which generate definitely the emotions. Hence, we remove
the channels which are omitted by the GA. As a result, the channels with the numbers of
chosen times over zero are collected as the OCH.

A similar GA procedure is applied for the feature selection using the above OCH.
Here, a string of 42 bits is used to represent a total of 42 input features of the individual
OCH. Bits 1 and 0 indicate the presence and absence of features extracted from the OCH.
Consequently, the input features are identical for all channels in the OCH at each GA
repetition as given in Algorithm 1. A large number of 5376 input features extracted from
4 sub-bands for which each sub-band includes 32 channels makes it difficult to apply for
the practical environment. Therefore, it is necessary to set a proper number of selections by
the GA to ensure a relevant number of selected features while maintaining relatively high
classification performance and small processing time of the proposed algorithm. In this
work, we address the SCFs as a set of individual features with the numbers of selected
times by the GA, which are larger than 50 known as a half of GA repetitions.

3.4. Model Selection

A grid search-based method in combination with the wise-subject 5-fold CV proce-
dure is implemented to address the best structures and learning parameters of differently
intelligent algorithms for binary classification of valence and arousal scenarios. We use
5 intelligent models in this work, which are KNN [54], Bagging (BG), RF, Boosting (BS) [55],
CNN [24].

A grid search used for hyper-parameter tuning of BG and RF includes 2 parameters
with tree number of [3; 5; 10; 15; 25; 50; 75] and leaf number of [5; 10; 15; 20; 25; 30; 35;
45; 55]. The K parameter is found in a range of [3:2:99] for the KNN model. There are
3 parameters, namely learning rate (Ir), iteration (iter), and minimum leaf (min_leaf), which
make a grid search of [0.1; 0.5; 0.7; 0.9; 0.95], [25; 50; 100; 150], and [25; 50; 75; 95; 105] for
the BS model. Hyper-parameter tuning for the CNN model contains structure and learning
parameters. The former is defined by the network depths and sections. A network depth
(Nd) is the number of continuous blocks in which each is constructed by convolutional,
batchnormalization, and relu layers. The network section (Ns) is the number of network
deepths separated by the maxpooling layer. We search for optimal Nd and Ns in a range of
[0—4]. Additionally, the latter including the learning rate of [0.005; 0.01], the momentum
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of [0.8; 0.9], and the L2 regulation (12) of [0.1; 0.15; 0.2] are considered to find the optimal
values for the CNN model.

Algorithm 1 GA-based channel and feature selection

(1) Feature number f,, n = 42; Channel number Cq,a = 32.

(2) Channel selection based GA
loop = 100; Population = 200; Chromosome = 32 of bit 0 and 1;
k=1;
Repeat
(a) Selection of Cj, using chromosome of bit 1, b < g;
(b) Extraction of f; from C;, channels;
(c) Separation of training set into 5 folds T'(i);
fori=1tob5
o Training KNN model on T(j), j#i;
e Estimation of mean resubstitution loss on T (i);
end
(d) Calculation of mean resubstitution loss over CV process
k=k+1;
Until k = loop
Calculation of the mean resubstitution loss over 100 repetitions;
(3) Selection of Cy, channels as the OCH
(4) Feature selection based GA
Chromosome = 42 of bit 0 and 1;
k=1;
Repeat
(a) Selection of f;; using chromosome of bit 1, m < n;
(b) Extraction of f;, from OCH;
(c) Separation of training set into 5 folds V (i);
fori=1to5
o Training KNN model on V (), j#i;
e Estimation of mean resubstitution loss on V(i);
end
(d) Calculation of mean resubstitution loss over CV process
k=k+1;
Until k = loop
Calculation of the mean resubstitution loss over 100 repetitions;
(5) Selection of f, as the SCFs

3.5. Model Validation

Different sets of features, which are the TIF extracted from all channels, the entire
features extracted from the OCH as selected combined all features (SCAF), and SCFs, are
used as the input of the selected models using the wise-subject 5-fold CV-based method
on the validation data for validation of the above model detection performance. Here,
5 subsets of subjects, known as folds, are divided arbitrarily from the validation set in
which a subset is considered as the test data and the others are for the training data.
The models are trained and validated 5 times using every subset as the test data to complete
an integral process. In addition, the wise-subject 5-fold CV is repeated 50 times for the
calculation of mean and standard deviation related to the selected model performance.
Finally, the classification performance comparison is shown for different models using the
above feature sets. The model and corresponding feature set, which produces the highest
performance, are identified as the proposed algorithms for the classification of valence and
arousal scenarios.

4. Simulation Results

The performance metrics, results of channel and feature selection, model selection,
and model validation are provided in this section. The simulation is performed on a
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computer with a 2.1 GHz Intel Core 17, a memory of 32 GB, an RTX 4070 graphic card,
and Matlab 2023a.

4.1. Performance Metrics

We use four measures for the performance estimation of various models using different
feature sets namely accuracy (Ac), precision (Pn), recall (Re), and Fl-score (F1). The first
measure is computed as a proportion of instances correctly identified. The proportions of
relevant instances among all retrieved and relevant instances are measured by Pn and Re.
F1 shows the harmonic mean related to Pn and Re, which implies the detection ability of
relevant instances. Ac, Pn, Re and F1 are culculated by

TP+ TN

A= TP T TN T EP T EN’ @

TP
Pn= T Fp ©)

TP
Re=TpTFN ©)

and 2 x Re x P

F1= 22 Rex T 7
Re+Pn ’ @)

respectively, where TP, FP, TN, and FN are true positive, false positive, true negative,
and false negative values.

4.2. Channel and Feature Selection

There are 8 and 6 channels, which are selected by the GA using KNN as the fitness
function for valence and arousal scenarios, respectively as shown in Figure 3. Firstly, the TIF
extracted from the 4 signal bands using DWT is used for the OCH selection. Then, the SCFs,
which include 18 and 14 features for the classification of high/low valence and arousal,
are addressed by the GA using the SCAF. The names and times selected by the GA of the
chosen channels and features are shown in Table 2.

Right

Frontal
Temporal
Central
Parietal
Occipital

Valence Arousal Valence and Arousal

Figure 3. Selected channels for valence and arousal scenarios.
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Table 2. Selected channels and features by the GA.
Channel
Valence Selection Arousal Selection
Fpl 52 FC5 20
F7 8 T7 94
C3 49 C3 1
CP1 1 Oz 5
CP5 42 F8 20
Oz 5 AF4 1
F8 42
Cz Others 0
Others 0
Feature
Ve e el
FD 68 DE 81
NFD 70 FE 92
MEA 100 PE 91
SSC 52 RE 74
FE 68 Spe 98
PE 66 coD 96
RE 69 HFD 78
SE 100 H 100
ShE 77 AM 89
AR 54 Sw 100
H 65 Cm 57
AM 70 Cvbin 88
Var 64 Kurt 100
Cm 51 HA 92
Cvbin 83
HC 77
BPA 70 Others <50
Ene 75
Others <50

4.3. Model Selection

We select 2 CNN and 8 ML models on the training set using the grid search-based
method for the classification of the valence and arousal scenarios. Moreover, the CNN
model is also considered as the extractor to generate the deep features used as the input
of the KNN model. As a result, 2 structures of the CNN extractor are selected for further
estimation in combination with different ML models for the classification of the high/low
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valence and arousal. Table 3 represents the optimal structure of the CNN model known as
the feature extractor.

Table 3. The selected structure of the CNN extractor.

Layer Number of Filter Filter Stride Padding
Input [576 1 1] of valence; [336 1 1] of arousal
Convolutional (+BN,Relu) 10 [100 1] [11] [5050 0 0]
Convolutional (+BN,Relu) 11 [100 1] [11] [505000]
Convolutional (+BN,Relu) 11 [100 1] [11] [505000]
Convolutional (+BN,Relu) 11 [100 1] [11] [50 50 0 0]
Maxpooling [101] [22] [4500]
Convolutional (+BN,Relu) 20 [100 1] [11] [505000]
Convolutional (+BN,Relu) 20 [100 1] [11] [5050 0 0]
Convolutional (+BN,Relu) 20 [100 1] [11] [505000]
Convolutional (+BN,Relu) 20 [100 1] [11] [505000]
Maxpooling [10 1] [22] [4500]
Convolutional (+BN,Relu) 40 [100 1] [11] [50 500 0]
Convolutional (+BN,Relu) 40 [100 1] [11] [505000]
Convolutional (+BN,Relu) 40 [100 1] [11] [505000]
Convolutional (+BN,Relu) 40 [100 1] [11] [50 500 0]
Maxpooling [101] [2 2] [4500]
Convolutional (+BN,Relu) 80 [100 1] [11] [50 50 0 0]
Convolutional (+BN,Relu) 80 [1001] [11] [505000]
Convolutional (+BN,Relu) 80 [100 1] [11] [505000]
Convolutional (+BN,Relu) 80 [100 1] [11] [50 50 0 0]
Maxpooling [101] [22] [4500]
First Fully connected Output sizes: 100

BN: BatchNomalization layer.

The grid searches are implemented to address the optimal parameter values of the
models as shown in Table 4. For valence scenario, KNN with K of 37; BG with tree number
of 15 and leaf number of 5; BS with learning rate of 0.9, iteration of 50, and minimum leaf of
75; RF with tree number of 10 and leaf number of 5; CNN with network depth of 3, network
section of 2; learning rate of 0.01, momentum of 0.9, L2 regulation of 0.1 are the optimal ML
models. The optimal CNN extractor structure is shown in Table 3 with network depth of 4,
network section of 4, learning rate of 0.01, momentum of 0.8, and L2 regulation of 0.2 for
both valence and arousal scenarios. The optimal parameter values of the ML models in
combination with the above extractor are K of 3 for the KNN; tree number of 5 and leaf
number of 75 for the BG; learning rate of 0.1, iteration of 25, and minimum leaf of 75 for the
BS; tree number of 3 and leaf number of 5 for the RFE.
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Table 4. The highest detection performance of different models with their optimal parameter values
corresponding to the input feature sets.

Valence
Model Feature Set Ac (%) Pn (%) Re (%) F1 (%)
KNN SCFs 65.35 & 0.53 65.62 & 0.23 98.96 & 0.97 78.69 + 0.50
(K =37)
BG SCAF 40.65 + 2.61 63.42 4+ 7.71 29.41 + 7.25 34.79 4 6.74
tree =15, leaf =5
BS TIF 62.00 =+ 2.40 66.86 & 1.22 83.15 & 4.12 73.63 + 1.96
Ir = 0.9, iter = 50,
min_leaf =75
RF SCFs 47.15 4+ 2.75 61.27 4 2.62 54.87 4 6.69 55.15 4 4.56
tree =10, leaf =5
CNN
Nd=3 Ns=2 lr=001, TF 67.75 + 6.33 67.03 4+ 7.11 99.17 4 1.14 79.83 & 5.12
mo=09,12=0.1
CNl;T<+ I;NN TIF 68.38 + 0.98 68.24 + 0.43 96.76 & 2.32 80.03 & 0.92
CNN + BG TIF 58.63 + 3.45 76.53 + 2.51 53.13 + 5.86 62.72 + 4.86
tree = 5, leaf =75
. CNN -+ B3 SCFs 70.43 + 1.48 69.88 + 0.33 98.70 4 2.44 81.83 + 1.23
r=0.1, iter = 25,
min_leaf = 75
CNN + RF SCFs 60.61 & 2.89 86.42 4 5.74 48.06 + 5.82 61.77 + 3.82
tree = 3,leaf =5
Arousal
§N1\57 TIF 63.70 & 0.41 63.78 & 0.25 96.66 & 1.26 76.38 + 0.28
BG SCFs 55.17 + 3.53 68.17 & 2.17 53.72 4 7.02 57.87 4 5.27
tree = 15,leaf =5
BS SCFs 63.62 + 0.87 67.13 + 1.79 79.56 + 7.77 71.52 + 3.80
Ir = 0.9, iter = 50,
min_leaf =75
RF TIF 49.90 + 3.26 65.91 + 6.87 34.65 + 7.83 41.81 4+ 7.52
tree = 10, leaf =5
CNN SCF: 65.00 %+ 6.90 65.24 + 8.37 91.46 + 12.93 75.76 + 8.85
Nd =2, Ns = 3, Ir = 0.005, S : : : : : : : :
mo =0.9,12 =0.15
CNIET +EI)<3NN TIF 70.48 + 1.89 70.39 + 0.82 94.77 4 4.13 80.79 + 1.67
CNN + BG SCFs 46.27 + 3.06 63.26 + 3.63 35.91 + 5.46 45.12 + 5.05
tree =3,leaf =5
CNN +BS SCFs 76.05 + 1.05 74.57 + 0.23 99.17 + 3.02 85.13 + 1.25
Ir = 0.1, iter = 50,
min_leaf = 105
CNN +RF SCFs 50.33 4+ 2.89 68.73 & 3.97 38.81 4 4.91 49.61 + 4.93

tree = 3,leaf =5
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For the arousal scenario, the optimal values are K of 5 for the KNN; tree number of
15 and leaf number of 5 for the BG; learning rate of 0.9, iteration of 50, and minimum leaf
of 75 for the BS; tree number of 10 and leaf number of 5 for the RF; network depth of 2,
network section of 3, learning rate of 0.005, momentum of 0.9 and L2 regulation of 0.15 for
the CNN. The four ML models, which are combined with the above extractor, are given the
optimal parameter values by the grid search method, such as KNN with K of 53; BG and
RF with tree number of 3 and leaf number of 5; BS with learning rate of 0.1, iteration of 50,
and minimum leaf of 105.

4.4. Model Validation

A total of 18 models are validated for their detection performance using 3 input
feature sets and wise-subject 5-fold CV procedure on the validation set of valence and
arousal scenarios in which 2, 8, and 8 of CNN, ML, and hybrid models using CNN as the
feature extractor, respectively. Table 4 shows the highest classification accuracy of the above
models corresponding to the input feature set. The performance comparisons between the
proposed algorithm and the existing works for valence and arousal scenarios are given in
Table 5.

4.5. Proposed Emotion Recognition Algorithm

The highest accuracy of 70.43% and 76.05% for valence and arousal scenarios is
produced by the BS model using CNN as the feature extractor and the SCFs as represented
in Table 5. Therefore, we propose an intelligent algorithm for emotion recognition as shown

in Figure 4.
8 channels Theta O 18x8xd Joy(HVHA)
> £ Alpha © features NN e HV
S =2 ben 1 extractor Calm(HVLA)
Q- -
—_— 2 = 14x6x4 | ML |— HA >
S (¢b) A
6 channels Gamma % features LA Disgust(LVHA)
L Sadness(LVLA)

Figure 4. Proposed flow of emotion detection algorithm.
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Table 5. Performance comparison of the proposed algorithm to the existing works for valence/arousal on the DEAP dataset.

Ref., Year Method Ac (%) F1 (%) Cons Pros
- Scalogram images constructed by CWT . - Effective scalogram images as the input of
[14],2021 and preselected 10 channels. 61.5/58.5 NA } Ef;ie(lieectzggo?f ;gci};;l?nels DL models.
- Deep CNN model. y - Reliability improved by cross-dataset validation.
- Welch method for signal decomposition. - Only PSD considered for . e
[19], 2023 ° PSD of bands as extracted features. 65.6/75.0 77.0/60.0 feature extraction. ;g;?d;ic;[g;ev%ﬁ%“ggﬁgﬁgii‘@éﬁ ?rslzlgg mn
’ - PCA for dimension reduction and quantum SVM : ‘ ) - Time-consuming for kernel pat . :
p e X - Effective PCA for feature selection.
or classification. selection of quantum SVM.
- Generation of different sub-bands for the construction - Only a method of Cartesian - Effective topographic maps converted from
of topographic maps. coordinates for sub-band sub-bands as the input
[21],2023 - Spatial feature extraction using CNN 67.5/68.3 68.0/68.2 construction. ~ Better dee learnir}: representatives of CNN
- Temporal context learning using bi-directional LSTM - Time-consuming for DL parameter and LSTM p & rep
for classification. and structure optimization :
- Segmentation of EEG signals. . - Low detection accuracy. égégﬁ;ﬁ?ﬁgg&f different models to construct a
[22],2021 - Combmatlon of CNN, RNN, GAN for emotion 56.4/585 70.8/72.0 - Tlmg-consumlng for training. . ~Deep features improved by multiple learning
detection. - Difficulties of parameter selection processes
- 3D spatial-spectral feature extraction using the Welch
method applied for different sub-bands. - Preselection of DL model. - Effective 3D spatial-spectral feature with adjacency
[26],2023 - Generation of adjacency matrix using contextual loss ~ 57.7/58.3 NA - Time-consuming for adjacency matrix using trainable adjacency relation for
computed by trainable adjacency relation in matrix calculation optimization.
combination with GCN.
- Extraction of 4 features. - Low detection accuracy. - Proposal of BiLSTM with hyper-parameter
[27],2021 - Utility of different DL and ML for the performance 58.4/NA 56.0/NA - Time consuming for DL optimization.
comparison. parameter optimization - Utility of a feature for the proposed algorithm.
- Feature quality improvement by dual GA for
channel and feature selection and hybrid
learning process.
Proposed " Dual GA for feature and channel selection. - Time-consuming for GA and CV - Grid search for hy]perparameter optimization.
al (E‘ithm - CNN as the feature extractor. 70.4/76.1 81.8/85.1 procedures. - Investigation of a large number of input features.
& - BS as the classifier - Small dataset. - Similarly optimal features extracted from

individual sub-bands.
- Performance comparison of various ML and DL
models.

NA: Not Available.
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5. Discussion

The main purpose of this paper is to propose an efficient emotion recognition algo-
rithm, which is reliable, simple, and easy to apply in the practical environment but remains
relatively high performance.

The method development of the previous studies requires the decomposition tech-
niques for the generation of various sub-bands, which are theta, alpha, beta, gamma,
and delta corresponding to different frequency bands, from the preprocessed EEG signals.
Clearly, 4 sub-bands and 32 channels are the most widely used for feature extraction, which
results in a huge input feature space. Therefore, the existing works consider a small number
of the original features to reduce the feature dimension and complexity for the method
development such as 9, 10, 4, 6, 4, 1, 13, 1 features of [4,14,15,18,20,22,23,29], respectively.
However, numerous features, which are omitted certainly, are able to contribute signifi-
cantly to the final emotion detection performance of the proposed algorithm. Consequently,
a large set of 42 original features is investigated in our research for better selection of the
informative feature subsets.

Another significant characteristic is that the combined activities of different human
brain areas represent various fundamental brain functions including human emotions. Ob-
viously, the interaction between brain regions related to emotions is shown by the channel
correlation in a specific group. As a result, the EEG recorded from the individual brain
areas using electrodes contains significant information on human emotions. In other words,
the selected electrodes represent informative brain regions, which generate high-quality
EEG signals for emotion recognition. Therefore, the identification of effective human brain
regions plays a vital role in the noble EEG generation for the extraction of high-quality
features. In this work, the dual GA-based channel and feature selection are employed to
select the most relevant channels and features in terms of improvement of the final emotion
detection. Moreover, the wise-subject 5-fold CV-based statistic manner is combined with
the GA method resulting in reinforcement of the performance reliability of the proposed
algorithm and avoidance of overfitting problem.

The cerebral cortex is divided into frontal, temporal, parietal, central, and occipital
lobes as shown in Figure 3. It is noteworthy that motor and sensitive functions are of the
central lobe, which makes it part of the frontal and parietal cortex [56]. The simulation
results of channel selection prove that the left and frontal cortex are productive for high-
quality EEG generation related to emotion recognition. Although selected lobes are located
over the entire cortex, most of them are on the left cortex as shown in Figure 3. Moreover,
higher execution including emotional regulation, planning, reasoning, and problem-solving
is implemented in the frontal brain area. Therefore, the EEG signals generated from this
brain region using 4 channels contain a high proportion of relevant information related to
human emotions. There are 3 and 2 EEG channels selected from the central and parietal
cortex, which is responsible for motion and sensory information. Visual information and
language processing are produced by the occipital and temporal cortex corresponding to
OZ and T7 channels selected by the GA method. Clearly, all brain lobes are related to
human emotions but only a few specific areas, where electrodes are located selectively for
the EEG collection, are highly significant for emotion detection.

A total of 11 channels corresponding to different brain regions are addressed as
the most relevant channels for feature extraction. In addition, the GA combined with
wise-subject 5-fold CV is adopted for the feature selection in this research. Consequently,
the small numbers of 18 and 14 features namely SCFs are selected for classification of
the valence and arousal scenarios from 42 original features as shown in Table 2. There
are 4 and 6 out of 9 models using SCFs as the optimal input feature subsets for valence
and arousal classifications as given in Table 4, which means that SCFs are productive for
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emotion detection. Moreover, the highest emotion classification accuracy of 70.43%/76.05%
for valence/arousal classification released by a hybrid algorithm of CNN and BS shows the
effectiveness of the selected feature subsets known as SCFs by the GA method.

It is noteworthy that an input feature set is extracted from 4 sub-bands generated
by the DWT from the preprocessed EEG signals, which is totally different from Pearson
Correlation Coefficient (PCC) feature as shown in [56]. Here, the authors combine CNN,
Sparse autoencoder, and deep neural network (DNN) models as the proposed algorithm
in which CNN and Sparse autoencoder (SAE) are used to construct the 2-dimension
features from the PCC, and the DNN is as the classifier. Similarly, a 2-dimensional matrix
of differential entropy features extracted from different sub-bands of a one-second EEG
signal is provided in [57]. Indeed, The spatial location of the channel is employed for the
construction of the 2-dimension features, which are then fed into a combination algorithm
of CNN and improved transformer encoders. Obviously, the most important contribution
of the above studies, which results in the relatively high performance of the final algorithm,
is the utility of 2-dimension deep features, data reconstruction and transformation by the
CNN, SAE [58] and CNN, improved transformer encoders [57]. However, the valuation
method such as cross-valuation has not been used for the models and input datasets,
which possibly make these researches obtain higher performance but less reliable for the
applications in the practical environments.

Table 5 shows the limitations of this work and compares the proposed algorithm with
recent studies related to human emotion recognition performance using the DEAP dataset.
Obviously, our proposed algorithm outperforms the previous methods, which makes it
potential for practical environment applications.

Various advanced decomposition techniques are investigated for the future research
to improve the decomposed signal quality resulting in better extracted features, which
certainly increase the final human emotion recognition performance.

6. Conclusions

Prompt detection of human emotions to enable efficient brain-computer interface
played a very important role in different fields such as clinics, entertainment, and biometric
security. Therefore, the proposal of a novel algorithm for human emotion recognition
have been paid intensive attention from biomedical experts, clinic technicians, and game
developers. Moreover, the proposed algorithm needs to show a significantly high emotion
detection performance and significant reliability for practical environment applications
using advanced techniques such as artificial intelligence.

In this paper, we have proposed a novel and effective human emotion recognition
algorithm for practical applications. The proposed algorithm is addressed with the CNN
and the BS models used as a hybrid paradigm of feature extractor and classifier using
two subsets of 18 and 14 features extracted from 4 sub-bands by the DWT for valence and
arousal classifications. The investigation of a large number of the original input features
allows a productive search for the relevant feature subsets to improve the final emotion
detection performance. Furthermore, we implement a dual GA using a ML model as the
fitness function in combination with a wise-subject 5-fold CV procedure for the channel
and feature selection in which the first and second GAs identified the optimal channels
and feature subsets. The dual GA confirmed the superiority in terms of its reliability and
effectiveness over the other feature selection methods due to the validated performance of
the proposed hybrid algorithm using SCFs. Indeed, the statistically validate performance
results with Ac of 70.43%/76.05%, Pn of 69.88% /74.57%, Re of 98.70%/99.17%, and F1 of
81.83%/85.13% for valence/arousal classifications proven that the frontal and left areas
of human cortex are significant for the collection of the high-quality EEG signals related
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to emotion recognition. Hence, our algorithm is well-fitted for practical applications in
real environments.
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