Advances in Nonlinear Variational Inequalities

ISSN: 1092-910X
Vol 27 No. 4 (2024)

QMWT: Design of an Improved EEG Classification Model via Q-
Learning Based Processing of Multispectral Wave Traits

Dr. Pranjali A. More! Dr. Sonali M. Sonavane 2 Dr. Anita S. Mahajan® Dr. Yogendra Patil*

Mrs. Shwetal K. Patil® Mrs. Trupti T. Tekale®

1 Anantrao Pawar College of Engineering and Research, Parvati, Pune, Maharashtra, India

pranjali.amore@gmail.com

2 G H Raisoni College of Engineering and Management, Pune, Maharashtra, India

sonali.sonavane@raisoni.net

3 Ajeenkya D . Y. Patil School of Engineering, Lohgaon, Pune, Maharashtra, India

anitadapke@gmail.com

4 Marathwada Mitra Mandals Institute of Technology, Lohgaon, Pune, Maharashtra, India

patyogendra@gmail.com

5 Marathwada Mitra Mandals Institute Of Technology Lohgaon, Pune, Maharashtra, India

patilshwetal.1311@gmail.com

& Pimpri Chichwad College of Engineering and Research, Ravet, Pune, Maharashtra, India

trupri.tekale@pccoer.in

Article History:
Received: 19-03-2024
Revised: 23-05-2024
Accepted: 07-06-2024

Abstract

Electroencephalogram (EEG) signals represent various wave patterns that
assist in identification of normal & abnormal brain activities. These wave
patterns consist of alpha waves, which indicate relaxation phases, beta
waves, that indicate normal brain rhythms & can be disturbed due to cortical
& other damages, delta waves, which are dominant in infants during sleep,
& theta waves, which represent irregular metabolic & hydrocephalus
activities in adults. A combination of these waves is capable of representing
multiple brain conditions for both adolescents & adults. Various models
have been proposed by researchers to analyze these signals, and most of
them work on single or bi-domain features, which limits their classification
performance. Most of these models are also static, and do not incorporate
continuous feedback & incremental processes. Due to which their precision
& recall performance is either constant or reduces w.r.t. newer evaluations.
To overcome these limitations, this text proposes design of a novel EEG
classification model that uses Q-Learning for classification of multispectral
feature sets. The model extracts Mel Frequency Cepstral Coefficients
(MFCC), and iVector features from raw EEG data, which assists in
multispectral representation of these signals. The extracted features are
classified via Q-Learning based Recurrent Neural Network (RNN) classifier,
that combines Gated Recurrent Unit (GRU), and Long-Short-Term Memory
(LSTM) based feature sets. Due to extraction of MFCC, the GRU & LSTM
Models are able to identify power spectral variation, cepstral variations,
spectrogram patterns, DCT (Discrete Cosine Transform) variations, etc.
While, due to iVector, entropy variations are recognized and processed for
better accuracy levels. Thus, both LSTM & GRU Models assist in
augmenting extracted features, which improves feature variance for better
classification performance. Results of these classifications are feedback into
the training set via a correlation-based analysis layer, that assists in
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continuously improving precision & recall performance for different
evaluations. Due to incorporation of this layer, the model is capable of
improving precision by 8.5%, recall by 8.3%, and accuracy by 4.9% when
compared with various state-of-the-art models. It was also observed that this
performance incrementally improves w.r.t. number of evaluations, which
assists in deploying the model for real-time applications.

Keywords: EEG, iVector, MFCC, Q-Learning, LSTM, GRU, RNN,
Incremental, Continuous.

1. Introduction

Designing EEG classification models is a multidomain task involving data pre-processing, filtering,
segmentation, feature extraction, feature selection, classification, and post-processing. The
components of a typical EEG classification model [1] are depicted in figure 1: denoising, continuous
wavelet transform (CWT) with statistical feature extraction, principal component analysis (PCA),
data normalization, and Support Vector Machine (SVM) for classification. These models function by
extracting single-domain or bi-domain feature sets from input EEG signals, thereby limiting their
feature representation and classification capabilities. Other models that utilize multidomain features
lack continuous learning mechanisms, limiting their classification performance in real-time. For
improved EEG classification performance, it is therefore recommended that multidomain features
and incremental learning be incorporated for different use cases.

EEG Signal

I

Pre- : Features : PCA and : SUM

Processing Extraction Normalization
Loading J CWT PCA J
Denaising Mean, Yariance Marmallzatian
and Skewness [-1, 1] Classzifier

Figure 1. A typical EEG classification model

Researchers propose various models for performing these tasks. The following section discusses a
brief overview of these models [2, 3, 4] along with their context-specific nuances, application-
specific benefits, function limitations, and suggested future scopes. On the basis of this discussion, it
was determined that the performance of existing models decreases relative to the number of EEG
disease types. This constrains the scalability of these models, thereby reducing their real-time
deployment capabilities. Section 3 discusses the design of a novel EEG classification model using Q-
Learning-based processing of Multispectral Wave Traits to circumvent this limitation. The model
employs a combination of MFCC and iVector for feature extraction and LSTM and GRU for feature
augmentation process integration. The classification of augmented features via a combination of Q
Learning-based RNN models improves precision and recall under multiple EEG disease types. In
section 4, this performance is evaluated and compared to various state-of-the-art methods. This text
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concludes with some context-specific observations about the proposed model, as well as
recommendations for improving its performance in clinical and real-time scenarios using advanced
processing techniques.

2. Literature Review

Models that classify EEG signals employ a variety of Machine Learning Methods (MLMs) with
varying internal operating and performance characteristics. Support Vector Neural Network (SVNN)
and semi-skipping Layered Gated Unit (SLGU), which facilitate the extraction of highly dense
feature sets for efficient classification applications, are proposed in [5, 6]. However, the complexity
of these models restricts their application to small and medium-sized scenarios. To enhance this
performance, [7] proposes the use of Sensor Spatial Configuration, which optimizes sensing devices
for improved feature representation across classes. The model processes data at the source level,
reducing complexity and improving classification performance. Extensions to this model are
discussed in [8, 9, 10], which propose the use of Multiscale High-Density Convolutional Neural
Network (MHD CNN), Sparse Spectro-Temporal Decomposition Model (SSDM) with CNN, and
linear classification techniques, which aid in identifying class-specific patterns for various EEG
types. Multiple scenarios are applicable to these models, but they cannot be scaled to larger class
sets. To enhance this performance, [11, 12, 13] propose the use of high duration EEG samples, a
Channel-Fused Dense Convolutional Network (CFD CNN), and interval type-2 fuzzy sets, which aid
in separating input datasets into class-level features that can be classified using fully connected
neural network structures.

Researchers have also proposed models employing Continuous wavelet transform (CWT) [14],
hierarchical discriminative sparse representation classification model [15], Graph Signal Processing
(GSP) [16], task-related common spatial patterns (TCSP) [17], and Deep Shared Multi-Scale
Inception Network (DSMSIN) [18], which aid in enhancing feature variance levels. This is
accomplished by estimating low-complexity Eigen operators, which can be applied to multispectral
datasets containing multiple internal classes. Expansions of these methods are discussed in [19, 20],
which proposes the use of Sliding Singular Spectrum in conjunction with independent component
analysis and linear classification in order to address complexity issues with existing classifiers. Work
in [21, 22, 23] proposes the use of spatiotemporal-filtering-based channel selection (STECS) and
hierarchical neural networks (HNN) that perform feature-level augmentation for improved
classification performance with real-time clinical inputs. Similar models are discussed in [24, 25],
which propose the use of Tensor-Based Recovery and bionic Whale Optimization Models (WOM)
for the design of low-error, high-accuracy classifiers that are applicable to a variety of use cases.
However, the single or bi-domain characteristics of these models limit their performance when tested
against large datasets. Continuous feedback and incremental learning processes are missing from the
majority of these models. In comparison to more modern techniques, their precision and recall
performance are either stable or declining due to these issues. In order to circumvent these
limitations, the following section proposes the creation of a novel classification model based on Q-
Learning that can manage multispectral feature sets. Additionally, the model was evaluated based on
various clinical metrics and compared to existing models to validate its performance in various
clinical scenarios.
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Proposed improved EEG classification model via Q-Learning based processing of
Multispectral Wave Traits

According to the literature review, it can be seen that current models for classifying EEG data only
use single or bi-domain characteristics, which restricts how well they perform when tested against
big datasets. The majority of these models lack continuous feedback and incremental procedures and
are static as well.

Input EEG Datasets

EEG Set1 EEG Set 2
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Figure 2. Overall flow of the Q-Learning based classification process

These problems cause their precision & recall performance to be either stable or to decline in relation
to more recent evaluations. This section suggests creating a novel Q-Learning-based classification
model that can handle multispectral feature sets in order to get over these constraints. The model's
workflow is shown in Figure 2, where it can be seen that it extracts iVector features and Mel
Frequency Cepstral Coefficients (MFCC) from the raw EEG data to help describe these signals in
multispectral domains. Gated Recurrent Unit (GRU) and Long-Short-Term Memory (LSTM) based
feature sets are combined in a Q-Learning based Recurrent Neural Network (RNN) classifier to
classify the extracted features. The GRU & LSTM Models can recognize power spectrum variation,
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cepstral variation, spectrogram patterns, DCT (Discrete Cosine Transform) variations, etc. thanks to
the extraction of MFCC. While entropy variations are identified and processed for greater accuracy
levels due to iVector. In order to increase feature variance and classification performance, both
LSTM and GRU Models help to augment extracted features.

As observed from figure 2, the model initially extracts MFCC & iVector feature vectors, which
assists in efficient representation of EEG signals. The MFCC feature vectors are evaluated via
equation 1 as follows,

MFCC; = Z log[T,(m)] * cos [1*(m——) ] (1)

Where, T, represents a triangular filter function, and is evaluated via equation 2, while M represents
number of MFCCs extracted during the process.

N-1
2
Norma *

i=0

i—f(h—-1)
f(W—=fh-1)

(2

he(-1,1)

Where, f represents frequency of input signals, while Norm, is the normalized input signal, that is
evaluated via equation 3,

C,
(Cam iy Fg) M= D)
Norm, = - (3)

C,2
j 9‘4=1<Caj_ ﬁlﬁ)

Where, C, represents Mel Frequency Cepstrum, and is evaluated via equation 4,

= ifft [log (fft [4 * fo x logq (1 + >])] .(4)

Where, Q, represents quantized input signal, and is evaluated directly from EEG signals via equation
S,

_ EEG — min (EEG)
Qa = max(EEG) — min (EEG) ™~

()
These MFCC vectors are combined with iVector features which are evaluated via equation 6,

(1'1)var (Ln)var
iVector; = MAX U EEG; | + : " : * EEG; ... (6)

j=1

M, Vygr - (n’n)var
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Where, M and EEG represents number of MFCCs, and raw EEG input signal, while (x,y)yar
represents relative variance levels, which are estimated via equation 7 as follows,

x2
exp (7)

2 % pi * var(x) * var(y)

(x, Y)var = (7

While, var(x) indicates variance of input signal, and is evaluated via equation 8 as follows,

N 2

var(x)=Ml_1>l<iZM1 xi—Z% ..(8)

j=1

These feature vectors are further augmented via use of a hybrid LSTM & GRU based feature
processing model, which is depicted in figure 3, and uses a combination of different feature sets.

%? (T tanh
@
[ sigma ] [ sigma ] [ tanh l [ sigma ] | Temp

E3
D= S

[ ta;ﬂh ] [si%ma ] [ sigma

Figure 3. Fused LSTM & GRU Model for Augmentation of MFCC & iVector features

The model processes combined MFCC & iVectors x, and uses internal kernel inputs h, for
generation of an augmented feature vector xout, that can be used for high-efficiency classification
process. A delayed version of these input features and underlying kernel function are combined for
performing these tasks. The model generates an initialization & functional feature vector via
equations 9, and 10 as follows,

i = var(xp, x U+ he_y * W) .. (9)
f =var(xpy * U + he_y * W) ... (10)

These vectors along with the output feature vector evaluated via equation 11, is used to generate an
initial convolutional vector via equation 12 as follows,

o =var(xiy, * U° + hy_; xW°) ... (11)
C{ = tanh(xp, * U9 + hy_q * W9I) ... (12)
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Using these features, a temporary output feature vector & an output kernel feature vector is evaluated
via equation 13 & 14,

Tout = var(fy * x;(t — 1) + i % C) ... (13)
houe = tanh(T,y) * 0 ... (14)

In these equations, U, W represents cosntants used by LSTM, and are tuned via RNN using a
hyperparameter tuning process. Outputs of this model are processed via a GRU based feature
augmentation process, that works via equations 15, 16, 17 & 18 as follows,

z = var(W,  [hoy * Toue]) ... (15)
r = var(W; * [houe * Touel) ... (16)
hi = tanh(W * [r * hoye * Toytl) - (17)
xout = (1 —2z) * hy + z * hyye ... (18)

Where, W represents GRU constants, which are tuned similar to constants of LSTM via
hyperparameter tuning process. The combined features are classified via a Recurrent Neural Network
(RNN), that uses purely linear activation function, and a series of feature-specific weights that are
continuously optimized via a Q-Learning based optimization process. The output class is evaluated
by the model via equation 19 as follows,

N
Cour = purelin (Z xout; * Wi> ..(19)

i=1

Where, W; represents a feature specific weight that is evaluated via Q-Learning for accuracy
optimization purposes. This weight is estimated on a per-feature level, and is termed as ‘Q-Learning
Reward’ level, which is evaluated via equation 20,

Var(New) — Var(0ld)
Wi = I
T

—1* Max(Var(New)) + Var(0ld) ... (20)

Where, Var(New) & Var(0ld) represents new & old values of variance, that were estimated via
modifying internal feature vectors, while L, & r represents learning rate & discount factors, that are
decided by Q-Learning designers for optimum accuracy performance. This performance was
evaluated in terms of accuracy, precision & recall measures, and compared with other models in the
next section of this text, where it was evaluated for different EEG datasets under multiple disease

types.
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Result evaluation & comparison

The proposed model uses a combination of MFCC & iVector for multispectral feature analysis,
which was followed by an augmentation model that uses LSTM & GRU for efficient representation
of these extracted feature sets. Resulting features were classified via use of a Recurrent Neural
Network (RNN) model, which was continuously tuned via Q-Learning based optimization process.
The model was evaluated in terms of accuracy (A), precision (P), recall (R), and delay (D)
performance, and compared with MHD CNN [8], CFD CNN [8], and DSM SIN [18], which will
assist in validation of its performance under different use cases. These use cases were taken from
SEED Dataset (https://bcmi.sjtu.edu.cn/~seed/seed.html), BCI Challenge Dataset
(https://www.kaggle.com/c/inria-bci-challenge), and University of Leicester EEG Dataset
https://le.ac.uk/engineering/research/), which are available with Open-Source licenses. These
datasets were combined to form a total of 300k EEG records, which were segregated into 70:30 split,
where 210k records were used to train the model, while 90k records were used to test & validate the
model under different use cases.

Based on the representation in figure 4, it can be observed that the proposed model showcased 2.5%
better accuracy than MHD CNN [8], 1.9% better accuracy than CFD CNN [8], and 4.5% better
accuracy than DSM SIN [18], under multiple EEG classification scenarios. The reason for this
accuracy enhancement is use of high-efficiency feature representation models, that assist in
continuous performance optimization with minimum overheads.

120
100
80
60
40
20
0
X X X X X X X X X X X X X X X X
OO OO ILOHLOLOLWOLWwOoOLWOoO
AT N MO MOMSTTTOLW O OMNNMNSOOOOD
= MHD CNN [8] m CFD CNN [8]
DSM SIN [18] = QMWT

Figure 4. Classification accuracy for different models under different test case scenarios

Based on the representation in figure 5, it can be observed that the proposed model showcased 3.9%
better precision than MHD CNN [8], 4.5% better precision than CFD CNN [8], and 3.5% better
precision than DSM SIN [18], under multiple EEG classification scenarios. The reason for this
precision enhancement is use of high-efficiency feature representation models along with Q-
Learning & RNN, that assist in continuous performance optimization with minimum overheads.
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Figure 5. Precision of different EEG classification models

Based on representation in figure 6, it can be observed that the proposed model showcased 4.5%
better recall than MHD CNN [8], 4.9% better recall than CFD CNN [8], and 4.8% better recall than
DSM SIN [18], under multiple EEG classification scenarios. The reason for this recall enhancement
is use of LSTM & GRU models along with Q-Learning & RNN, that assist in continuous
performance optimization with minimum overheads.
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Figure 6. Recall of different EEG classification models

Based on representation in figure 7, it can be observed that the proposed model showcased 5% faster
performance than MHD CNN [8], CFD CNN [8], and DSM SIN [18], under multiple EEG
classification scenarios. The reason for this speed enhancement is use of simplistic feature extraction
models, that assist in continuous performance optimization with minimum overheads.
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Figure 7. Delay of different EEG classification models
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Due to these performance enhancements, the proposed model is capable of high accuracy, better
precision, good recall, and better speed classifications when compared with other models. Thus, the
proposed model is useful for real-time clinical applications, that require better performance for
multiple EEG disease types with multisource signals under clinical scenarios.

Conclusion

The proposed model processes raw EEG signals, and converts them into multispectral features via
use of MFCC & iVector feature sets. These feature sets are augmented via use of GRU & LSTM
Models that assist in convolutional operations for improving feature variance levels under different
use cases. The augmented features are classified via use of RNN Models, and Q-Learning based
optimizations, that allow the model to process & categorize signals that represents multiple EEG
classes. As a result of this combination, the proposed model is capable of achieving 2.5% better
accuracy than MHD CNN [8], 1.9% better accuracy than CFD CNN [8], and 4.5% better accuracy
than DSM SIN [18], while it also showcased 3.9% better precision than MHD CNN [8], 4.5% better
precision than CFD CNN [8], and 3.5% better precision than DSM SIN [18], in terms of recall it was
capable of achieving 4.5% better recall than MHD CNN [8], 4.9% better recall than CFD CNN [8],
and 4.8% better recall than DSM SIN [18] under different datasets & classes. The model was also
capable of delivering 5% faster performance than MHD CNN [8], CFD CNN [8], and DSM SIN
[18], under multiple EEG classification scenarios, which is due to use of LSTM & GRU models
along with Q-Learning & RNN, that assist in continuous performance optimization with minimum
overheads.

Future Scope

In future, the proposed model must be validated on larger datasets, and can be enhanced via use of
Convolutional Neural Networks (CNNs), Masked Recurrent NN (MRNN), and other Machine
Learning Models (MLMs), which can assist in performing high-density feature extraction operations.
Moreover, researchers can also fuse multiple bioinspired models, which will further improve
classification performance under real-time clinical use cases.

Conflict of Interest

On behalf of all authors, the corresponding author states that there is no conflict of interest.
References

[1] Q. Xin, S. Hu, S. Liu, L. Zhao and Y. -D. Zhang, "An Attention-Based Wavelet Convolution Neural Network for
Epilepsy EEG Classification," in IEEE Transactions on Neural Systems and Rehabilitation Engineering, vol. 30, pp.
957-966, 2022, doi: 10.1109/TNSRE.2022.3166181.

[2] C. Huang, Y. Xiao and G. Xu, "Predicting Human Intention-Behavior Through EEG Signal Analysis Using Multi-
Scale CNN," in IEEE/ACM Transactions on Computational Biology and Bioinformatics, vol. 18, no. 5, pp. 1722-
1729, 1 Sept.-Oct. 2021, doi: 10.1109/TCBB.2020.3039834.

[3] F. Demir, N. Sobahi, S. Siuly and A. Sengur, "Exploring Deep Learning Features for Automatic Classification of
Human Emotion Using EEG Rhythms," in IEEE Sensors Journal, vol. 21, no. 13, pp. 14923-14930, 1 Julyl, 2021,
doi: 10.1109/JSEN.2021.3070373.

https://internationalpubls.com 158



Advances in Nonlinear Variational Inequalities
ISSN: 1092-910X
Vol 27 No. 4 (2024)

[4] J. Rabcan, V. Levashenko, E. Zaitseva and M. Kvassay, "EEG Signal Classification Based On Fuzzy Classifiers," in
IEEE Transactions on Industrial Informatics, wvol. 18, no. 2, pp. 757-766, Feb. 2022, doi:
10.1109/T11.2021.3084352.

[5] Z. Zhang, G. Chen and S. Chen, "A Support Vector Neural Network for P300 EEG Signal Classification," in IEEE
Transactions on Artificial Intelligence, vol. 3, no. 2, pp. 309-321, April 2022, doi: 10.1109/TAI.2021.3105493.

[6] M. A. Asghar, M. J. Khan, H. Shahid, M. Shorfuzzaman, N. N. Xiong and R. M. Mehmood, "Semi-Skipping
Layered Gated Unit and Efficient Network: Hybrid Deep Feature Selection Method for Edge Computing in EEG-
Based Emotion Classification, in IEEE Access, vol. 9, pp. 13378-13389, 2021, doi:
10.1109/ACCESS.2021.3051808.

[7] L.S. Mokatren et al., "EEG Classification by Factoring in Sensor Spatial Configuration,” in IEEE Access, vol. 9,
pp. 19053-19065, 2021, doi: 10.1109/ACCESS.2021.3054670.

[8] D. Wen et al., "Task-State EEG Signal Classification for Spatial Cognitive Evaluation Based on Multiscale High-
Density Convolutional Neural Network," in IEEE Transactions on Neural Systems and Rehabilitation Engineering,
vol. 30, pp. 1041-1051, 2022, doi: 10.1109/TNSRE.2022.3166224.

[9] B. Sun, X. Zhao, H. Zhang, R. Bai and T. Li, "EEG Motor Imagery Classification With Sparse Spectrotemporal
Decomposition and Deep Learning," in IEEE Transactions on Automation Science and Engineering, vol. 18, no. 2,
pp. 541-551, April 2021, doi: 10.1109/TASE.2020.3021456.

[10] R. L. Keseler, T. W. Johansson, L. N. S. A. Struijk and M. Jochumsen, "Feature and Classification Analysis for
Detection and Classification of Tongue Movements From Single-Trial Pre-Movement EEG," in IEEE Transactions
on Neural Systems and Rehabilitation Engineering, vol. 30, pp. 678-687, 2022, doi:
10.1109/TNSRE.2022.3157959.

[11] L. Farsi, S. Siuly, E. Kabir and H. Wang, "Classification of Alcoholic EEG Signals Using a Deep Learning
Method," in IEEE Sensors Journal, vol. 21, no. 3, pp. 3552-3560, 1 Feb.1, 2021, doi: 10.1109/JSEN.2020.3026830.

[12] E. T. Pereira, H. M. Gomes, L. R. Veloso and M. R. A. Mota, "Empirical Evidence Relating EEG Signal Duration
to Emotion Classification Performance," in IEEE Transactions on Affective Computing, vol. 12, no. 1, pp. 154-164,
1 Jan.-March 2021, doi: 10.1109/TAFFC.2018.2854168.

[13] Z. Gao, X. Wang, Y. Yang, Y. Li, K. Ma and G. Chen, "A Channel-Fused Dense Convolutional Network for EEG-
Based Emotion Recognition,” in IEEE Transactions on Cognitive and Developmental Systems, vol. 13, no. 4, pp.
945-954, Dec. 2021, doi: 10.1109/TCDS.2020.2976112.

[14] B. Chakraborty, L. Ghosh and A. Konar, "Optimal Selection of EEG Electrodes Using Interval Type-2 Fuzzy-
Logic-Based Semiseparating Signaling Game," in IEEE Transactions on Cybernetics, vol. 51, no. 12, pp. 6200-
6212, Dec. 2021, doi: 10.1109/TCYB.2020.2968625.

[15] S. Issa, Q. Peng and X. You, "Emotion Classification Using EEG Brain Signals and the Broad Learning System," in
IEEE Transactions on Systems, Man, and Cybernetics: Systems, vol. 51, no. 12, pp. 7382-7391, Dec. 2021, doi:
10.1109/TSMC.2020.2969686.

[16] X. Gu, C. Zhang and T. Ni, "A Hierarchical Discriminative Sparse Representation Classifier for EEG Signal
Detection," in IEEE/ACM Transactions on Computational Biology and Bioinformatics, vol. 18, no. 5, pp. 1679-
1687, 1 Sept.-Oct. 2021, doi: 10.1109/TCBB.2020.3006699.

[17] P. Mathur and V. K. Chakka, "Graph Signal Processing Based Cross-Subject Mental Task Classification Using
Multi-Channel EEG Signals,” in IEEE Sensors Journal, vol. 22, no. 8, pp. 7971-7978, 15 Aprill5, 2022, doi:
10.1109/JSEN.2022.3156152.

[18] C. Jiang, Y. Li, Y. Tang and C. Guan, "Enhancing EEG-Based Classification of Depression Patients Using Spatial
Information,” in IEEE Transactions on Neural Systems and Rehabilitation Engineering, vol. 29, pp. 566-575, 2021,
doi: 10.1109/TNSRE.2021.3059429.

[19] A. H. Ansari et al., "A Deep Shared Multi-Scale Inception Network Enables Accurate Neonatal Quiet Sleep
Detection With Limited EEG Channels," in IEEE Journal of Biomedical and Health Informatics, vol. 26, no. 3, pp.
1023-1033, March 2022, doi: 10.1109/JBHI.2021.3101117.

[20] S. Agarwal and M. Zubair, "Classification of Alcoholic and Non-Alcoholic EEG Signals Based on Sliding-SSA and
Independent Component Analysis," in IEEE Sensors Journal, vol. 21, no. 23, pp. 26198-26206, 1 Dec.1, 2021, doi:
10.1109/JSEN.2021.3120885.

https://internationalpubls.com 159



Advances in Nonlinear Variational Inequalities
ISSN: 1092-910X
Vol 27 No. 4 (2024)

[21] T. Nezam, R. Boostani, V. Abootalebi and K. Rastegar, "A Novel Classification Strategy to Distinguish Five Levels
of Pain Using the EEG Signal Features," in IEEE Transactions on Affective Computing, vol. 12, no. 1, pp. 131-140,
1 Jan.-March 2021, doi: 10.1109/TAFFC.2018.2851236.

[22] F. Qi et al., "Spatiotemporal-Filtering-Based Channel Selection for Single-Trial EEG Classification,” in IEEE
Transactions on Cybernetics, vol. 51, no. 2, pp. 558-567, Feb. 2021, doi: 10.1109/TCYB.2019.29637009.

[23] D. Hu, J. Cao, X. Lai, Y. Wang, S. Wang and Y. Ding, "Epileptic State Classification by Fusing Hand-Crafted and
Deep Learning EEG Features,” in IEEE Transactions on Circuits and Systems 11: Express Briefs, vol. 68, no. 4, pp.
1542-1546, April 2021, doi: 10.1109/TCSI11.2020.3031399.

[24] M. Akmal, S. Zubair and H. Alquhayz, "Classification Analysis of Tensor-Based Recovered Missing EEG Data," in
IEEE Access, vol. 9, pp. 41745-41756, 2021, doi: 10.1109/ACCESS.2021.3063382.

[25] Z. Lian, L. Duan, Y. Qiao, J. Chen, J. Miao and M. Li, "The Improved ELM Algorithms Optimized by Bionic
WOA for EEG Classification of Brain Computer Interface," in IEEE Access, vol. 9, pp. 67405-67416, 2021, doi:
10.1109/ACCESS.2021.3076347.

https://internationalpubls.com 160



