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Abstract

Background: Electroencephalography (EEG) is non-invasive technique has the capability to detect
minuscule variations in voltage that arise from the movement of ionic currents within the neurons present
in the cerebral cortex. These recordings can help to diagnose brain disorders such as tumours, seizures
specially epileptic seizures. But these EEG recordings are often distorted by undesired noise due to eye
movements and blinking, known as ocular artifacts.

Objective: Detection and removal of artifact present in EEG recordings is crucial one. These artifacts are
of same signal frequencies and overlapped with pure EEG signals. During the analysis of these signals, the
classification results may varies due to non-availability of artifact free signals. The proposed study is two-
step process that initialize with detection and removal of ocular artifact arise due to eye blink and eye
movement in UCI epileptic dataset. The deep learning based modified Gated Recurrent Unit is applied for
epileptic seizure classification.

Methods: The study focused on removing ocular artifacts with Independent Component Analysis - Discrete
Wavelet Transforms, employing an optimized wavelet function. After successfully removing the ocular
artifact, the next step involved classifying epileptic seizures using a deep learning model modified Gated
Recurrent Unit (GRU).

Results: The results of this study are compared to outcomes obtained from analysing the contaminated UCI
epileptic EEG dataset. The findings showed that clean data produced superior results in terms of accuracy,
precision, recall, and Fl1-score. Remarkably, the analysis demonstrates significant improvement in
classification accuracy of 99.50%.

Conclusion: The Modified-GRU model enhances electroencephalography-based epileptic seizure
classification outcomes, demonstrating its potential for developing accurate and reliable real-world EEG-
based Brain Computer Interface (BCI) and ensures the potential for continued impact in the field of medical
signal processing.

Keywords: Epilepsy classification, Ocular artifact, Discrete Wavelet Transform, Long Short Term Memory,
Gated Recurrent Unit.

1. Introduction

Electroencephalography (EEG) is a technique used for recording the brain's natural electrical
impulses and activity over time. This non-invasive approach provides several benefits, like being
affordable, readily available, and precisely timing brain activity. [1] The International 10:20
system a widely accepted method for recording of EEG and for this electrodes are placed on the
subjects' scalp. Figure 1 depicted visual representation of this system. EEG has the capability to
detect minuscule variations in voltage that arise from the movement of ionic currents within the
neurons present in the cerebral cortex. Berger [2] pioneered the utilization of EEG signals for
capturing brain activity. EEG represents the rhythmic patterns of brain activity at different
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frequencies that provides valuable information about normal and abnormal brain function that can
help diagnose conditions affecting the brain and nervous system like seizures, tumors and brain
injuries. Specific frequency ranges related to human behavioral states referred to by these signals.
In EEG signal processing, identifying and removing artifacts is a crucial fundamental step [3], [4],
[5]. Researchers have developed various effective methods for eliminating these artifacts, with the
goal of overcoming the challenge of artifact removal. Figure 2 depicts ocular artifact, characterized
by high-amplitude voltage peaks, is observable in the frontal electrodes such as F7, Fpz, and FS.
Adaptive filtering and Kalman filtering are commonly used for filtering EEG signals. The signals
can be thought of as "waves," and wavelets represent a specific type of wave. The wavelets can
effectively eliminate noise and helps to improve the clarity of neural information [6]. Independent
component analysis is considered as a effective technique utilized for removing artifacts.

This is accomplished by successfully isolating the EEG signal, which is composed of statistically
independent components originating from various sources. The isolated signals from different
channels are commonly known as independent components (ICs). However, it is worth noting that
in the conventional approach, directly eliminating ICs that contain artifacts can result leads to loss
of information embedded in these signals [7].
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Figure 1. An illustration of 10:20 electrode (channel) placement

Detecting epileptic seizures accurately through EEG is crucial for proper diagnosis and treatment
of neurological conditions. Visual inspection of EEG data to identify seizures can be slow and
leads to error. To address this challenge, researchers have designed various machine learning and
deep learning systems that analyse EEG signals across frequency domains, time scales, and
additional metrics to automate seizure detection. These computational approaches aim to classify
signals as epileptic versus non-epileptic with greater precision and efficiency than human review
alone by leveraging large datasets and advanced algorithms. Definitive diagnosis of brain diseases
often necessitates EEG examination. Automated detection tools show promise for improving
epilepsy diagnosis by streamlining the analysis of these complex electrophysiological recordings
[8]. The limitations of automated systems in identifying epilepsy can be overcome by using deep
learning techniques [9]. Deep learning models like CNN, RNN, LSTM, GRU and Autoencoders,
are extensively employed in the automated identification of epileptic seizures [10]. RNNs are well-
suited for modeling sequential data like time series due to their "memory" of previous
computations. They can capture temporal dependencies in variable length sequences. [11]
reviewed the LSTM, a common architecture of RNN, as a best performance measures. RNNs
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equipped with a gated mechanism as GRU, have proven to be valuable in the field of sequential
inputs like speech or EEG [12]. A modified-GRU approach is introduced herein with the
classification results of EEG data contaminated by ocular (EOG) artifacts and the results are also
analysed after elimination of EOG artifact utilizing discrete wavelet transform with the optimal
wavelet, db7.
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Figure 2. Eye blink artifact in frontal electrodes [6]

The study focuses on classifying epileptic seizures and improving the accuracy of existing deep
learning models. Despite their high accuracy in seizure classification, models like CNN, RNN,
LSTM, and GRU are affected by artifacts. EEG recordings, which form the basis of these models,
often contain both internal and external interferences that distort the EEG signals and lead to
inaccurate classification results. Many research articles overlook the issue of eliminating artifacts
in epilepsy classification, but this current article offers a solution by achieving better accuracy
through the removal of eye blinking and eye movement artifacts. To address the challenge of
identifying and removing artifacts prior to classification, the study aims to accomplish the
following objectives:

1. Evaluate existing methods for removing eye movement (EOQG) artifacts.
Assess the efficiency of the ICA-DWT method with optimal wavelet selection.

3. Analyse the performance of epilepsy seizure classification using contaminated EEG
recordings and compare it with the results obtained after removing EOG artifacts.

The research paper is structured into several sections. First section presents an introduction to EEG
artifacts and the classification of epileptic seizures. The literature review section reviews recent
techniques for artifact removal, including filtering methods and deep learning strategies for seizure
classification. The background concepts section, explains the terminology used in the methods.
The materials and methods section discuss the proposed approach. Lastly, the Results and
Conclusion sections discuss the findings and performance analysis, highlighting the significance
of the proposed approach.

2. Literature Review
The literature review presents a summary on the use of EEG signals and deep learning techniques
in studying brain wave patterns and diagnosing various conditions. Chaudhary and Bhattacharjee
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[13] highlight the importance of EEG in identifying and diagnosing conditions such as brain
tumors, epilepsy and sleep disorders. Artifacts, unwanted disturbances in EEG signals, can
interfere with accurate analysis. Several methods have been proposed to eliminate these artifacts.
Inuso et al. proposed the wICA approach, that utilizes wavelets to enhance independent component
analysis [6]. Similarly, Akhtar et al. proposed SCICA method, specifically designed to isolate
independent components associated solely with artifacts [14]. In this approach, wavelet
decomposition method was implemented to eliminate brain activity artifacts.

Exceptional outcomes in addressing EOG artifacts by combined ICA and Haar wavelet were
achieved by Morshed [15]. Furthermore, the wavelet decomposition and ICA approach have been
explored in subsequent studies to address different artifact types by Yasoda et al. [16] and
Grobbelaar et al. [17]. A hybrid method with the integration of DWT and non-local means
estimation was presented by Bhobhriya et al. [18] for the EMG artifacts removal.

Deep learning techniques found to be valuable in the early diagnose of epilepsy and prompt
medical decision-making. An automated method LAMSTAR was proposed by Nigam and Graupe
[19], which achieved a remarkable classification accuracy of 97% in detecting epileptic seizures.
The use of wavelet coefficients in EEG signals for classifying EEG information was explored by
Giiler and Ubeyli [20], and a high accuracy rate of 98.68% was obtained using an adaptive neuro-
fuzzy inference system.

Recurrent NN based LSTM architectures with softmax classifier was proposed by Golmohammadi
etal. [21]. The model obtained satisfactory accuracy of 96.82%. A multilayer perceptron NN-based
model for epileptic seizures classification was evaluated by Orhan et al. [22] using DWT and the
K-means. In the same vein, Sharmila et al. [23] suggested DWT with the adequate-NN classifier
for epilepsy classification. CNN models have shown promise in extracting numerous features, as
demonstrated by Radenovi¢ et al. [24], but they unable to retain information from previous time
stamps, which can impact their performance in analysing EEG signals.

To address this limitation, recurrent neural networks (RNN) use past outputs as inputs and can
retain information from previous time stamps, as explained by Choi et al. [25]. TDACNN model
to extract spatiotemporal features from time-series data and accurately classify emotions was
demonstrated by Bhanusree et al. [26]. Additionally, Chung et al. [27] proposed a modified Gated
Recurrent Unit (GRU) model, integrated with an alternative gating mechanism, to address
problems of slow convergence, low learning rate, and the vanishing gradient problem in the GRU
model.

In summary, the literature review showcases various methodologies that integrate EEG signals
with deep learning techniques to analyze brain wave patterns and diagnose conditions such as
epilepsy. These studies highlight the effectiveness of methods like wICA, SCICA, wavelet
decomposition, LSTM architectures, ANFIS, and modified GRU models, each offering unique
contributions to improving the accuracy and efficiency of diagnosing brain-related conditions.

2.1. Filtering Methods for Artifact Removal

The section discuss the filter based ocular artifact removal and deep learning based epileptic
classification approaches.
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2.1.1. Independent Component Analysis (ICA)

ICA can be seen as an advancement of Principal Component Analysis (PCA). This technique
allows for the observed signal to be divided into independent components. Introduced by Herault
and Jutten in 1983, ICA has certain limitations. It only enforces independence up to the second
order. Moreover, it interprets these components as orthogonal [28]. The clean signals are
reconstructed by eleminating the ICs identified as artifacts. Once these components are extracted
from the original signals, it becomes possible to reconstruct the clean signals. These ICs are
assumed to be non-Gaussian and statistically independent of others signals. ICA is a powerful
method for reconstructing original signal sources, provided these signals are statistically
independent. The foundations of ICA rest on two key principles [29]:

(1) maximizing non-Gaussianity and

(i1) minimise mutual information

The observed signals are x;, x2,.... x, and source signal consists of the elements s, s>,.... 1, and a
mixing matrix called A, with element a;; [30] as described in (1).

x(t) = As(t) (1

In the given scenario, matrix A represents an unidentified mixing matrix, while vector x(?)
represents the observed signals and vector s(?) represents the source signals at time, #. The nature
of this technology appears to be characterized by a lack of prior knowledge concerning both the
mixing matrix and the independent signal sources, as depicted in Figure 3.

White
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Figure 3. Mixing Matrix in ICA [29]

To estimate the independent components, find the suitable linear combinations of the mixed
variables using the inverse matrix W, where W=A"! mentioned in (2).

§(t) = Wx(t) )

2.1.2. Discrete Wavelet Transform (DWT)

Wavelets are transient waveforms with a mean value of zero that serve as mathematical functions.
DWT possesses the capacity to effectively determine the specific location of a function,
concurrently in the realms of time and frequency [31]. The wavelet transform is commonly used
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approach for analysing EEG signals. Through examining the connection between translating and
scaling the core wavelet function, WT facilitates the decomposition of a signal in different scales
(denoting frequency content) and temporal instances [32]. Donoho and Johnstone [33] introduced
the wavelet method for artifact removal. The WT is expressed in (3).

f(t)zkzn;,Aj,k‘Pj,k (t)+iZn:FDj,k(Dj,k (t) 3)

=1 k=1

where A4, = approximation and D = detailed coefficients, /=decompose-level; ¢(¢)=time-window
at time #; n=signal length; ®= wavelet function and I'= low and high pass filter. In the DWT, a
bandpass filter is utilized for the input signal, which is comprised of a high and low-pass filter
designed to operate within defined frequency bands. This filtering separates the input into
components based on frequency content. In the process of decomposition, the input signal
undergoes division into two coefficients: the Approximation cA[n] and the Detailed ¢D[n]. [34].
The c¢D[n] coefficient represents the high-frequency component, while cA[n] represents the low-
frequency component [31]. At this initial decomposition stage, these are denoted as A/ and D1.
The signals are decomposed at other level, such as A2, D2, A3, D3 based on particular frequecny.
The frequency accuracy of the signal is doubled while the required time is halved at each level.
Figure 4 depicted the wavelet transform with decompostion and synthesis process.
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Figure 4. The process of Discrete Wavelet Transform

2.2. Deep Learning Approaches for Seizure Classification

Deep neural networks are constructed upon the foundations of the perceptron model, comprising
synthetic neurons. These neurons engage in linear transformations of the input data, with the
resultant output being conveyed to the subsequent layer by means of a non-linear activation
function [34]. The term "deep" denotes the presence of multiple layers, which provides depth to
the neural network architecture. Deep learning technology overcomes the constraints of
conventional denoising approaches by automatically detecting and removing artifacts without
requiring manual intervention. These are classified as a type of machine learning that implements
a layered structure for hierarchical information processing [35].
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2.2.1. Long Short Term Memory (LSTM)

LSTM, introduced by [36], offer an efficient solution for modeling and analyzing sequential data,
effectively tackling the challenges of capturing long-range dependencies and handling vanishing
gradients in traditional RNN architectures. RNNs often struggle to effectively transmit information
from prior time steps to subsequent stages in lengthy sequences, potentially overlooking crucial
processed data [37]. The LSTM network is capable of preserving information from the past over
an extended period through the use of specialized memory cells. Besides overcoming short-term
memory, LSTM gates also regulate data flow. These gates allow the storage of lengthy relevant
sequences while ignoring redundant information. The LSTM memory block is composed of three
gates: input gate, output gate, and forget gate, as depicted in Figure 5. Here, g and /4 are the
activation function as sigmoid and tanh. The forget gate enables deciding whether to retain or
discard information deemed superfluous.
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Figure 5. The Representation of LSTM Unit

2.2.2. Gated Recurrent Unit

The Gated Recurrent Unit (GRU) is a type of recurrent neural network. It shares similarities with
the LSTM, yet it is a streamlined variation which omits the presence of a distinct memory cell.
GRU addresses the issue of vanishing gradients by implementing a standardized LSTM approach
[27]. The GRU architecture incorporates update and reset gates. The initial reset gate determines
how much hidden state information from prior time steps to preserve for the next, while the update
gate decides data for output [37]. Various variations of the GRU model's gates are investigated,
demonstrating changes in gate mechanisms [27]. Figure 6 depicts the architecture of the GRU.

Vol 12 Issue 01, Jan 2023 ISSN 2456 — 5083 Page 1186



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

WWwWw.ljiemr.org

Hidden fi.

Weights

l it
Sigmoid
L=

Weights

1-Z;

Figure 6. Gated Recurrent Unit Detailed Architecture

Reset gate: The reset gate, referred to as rt, decides how much significance should be given to the
previous information. It operates in a dissimilar manner compared to the update gate, possessing
unique weights and implementation. The multiplication of two inputs, x and h;,—;, with
corresponding weights in (4). The resultant values are then summed and subsequently passed
through the sigmoid function [38].

e = sigmoid (W.[he—q, x¢]) 4)

Update gate: The purpose of update gate is to determine the amount of information required
forward to next state [39]. The update gate z: is involved as in (5), which expresses the
multiplication of the input x; and the output from the previous unit h.1 with the weight W,. The

z; = sigmoid (Wy[h;—1, x¢]) (5)

output is constrained to a range of 0 to 1 with the sigmoid function.

3. Method

This section discusses the methodology for EOG artifact removal from the UCI EEG dataset using
DWT and modified GRU approach for classification. It also provides a description of the publicly
available UCI Machine Learning Repository dataset.

3.1 General Process for Epileptic Seizure Classification

Epileptic seizure classification in EEG involves several steps. First, electrical brain activity is
recorded using EEG electrodes placed on the scalp. The data collected is then processed to remove
any noise or artifacts, enhancing the signal quality. Next, relevant features are extracted from the
preprocessed EEG signals, capturing patterns and characteristics associated with seizures. Using
deep learning or classification algorithms, the EEG signals are categorized as either epileptic
seizure or normal seizure types based on these selected features. The performance of the
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classification model is evaluated using various metrics such as accuracy, precision, recall, and F1
score. If necessary, the model is optimized and refined. This iterative process aims to achieve
precise and reliable classification of seizures in EEG recordings, which in turn helps in diagnosing
and treating epilepsy. Figure 7 illustrates the general process of epileptic seizure classification.

AR H ! Artifact Free EEG
| f' - Pre-Processing Artifact Removal :
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Figure 7. General Process for Seizure Classification
3.2 Dataset Description

The experiments utilized a dataset for epileptic seizure detection acquired from the UCI Machine
Learning Repository, a publicly available database. Andrzejak et al. [40] provided an in-depth
characterization of this dataset. The dataset has been pre-processed using DWT with an optimal
daubechies wavelet (db7) and restructured for epileptic seizure identification. Table 1 displays the
five subset classes of patients. Each subset comprises 100 single-channel EEG segments lasting
23.6 seconds.

Table 1. UCI Machine Learning Repository Dataset Description

Class  Class Description Patient state Cases
1 Eyes opened Healthy 2300
2 Eyes closed Healthy 2300
3 EEG (healthy area) Partial Epilepsy 2300
4 EEG (tumour identified area)  Partial Epilepsy 2300
5 EEG (Seizure activity) Epilepsy with seizure 2300
4. Results

The evaluation of the results was performed on both versions of the dataset. Initially, the
experiment was carried out using an EEG dataset that was contaminated with artifacts. The results
depicted in Table 2 that indicates with three phases of training, testing and validation of results.
Table 3 illustrated the parameter results on EEG dataset after EOG artifact removal. The EEG
dataset was cleaned with DWT approach after selection of optimal wavelet. Table 2 illustrates the

Vol 12 Issue 01, Jan 2023 ISSN 2456 — 5083 Page 1188



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

WWwWw.ljiemr.org

performance of a Modified GRU model on an EEG dataset containing artifacts. It obtained the
accuracy of 98.8% , precision 96.9% and 97.1% recall on the test data set.

Table 1. Modified GRU with Contaminated EEG Dataset

EEG Dataset Acc. (%) Pre. (%) Recall (%) F1-Score (%)
Training 97.5 95.4 97.6 96.5

Test 98.8 96.9 97.1 97
Validation 96.8 95.2 97.1 96.5

Table 2. Modified GRU with Artifact-Free EEG Dataset

EEG Dataset Acc. (%) Pre.(%) Recall (%) F1-Score (%)
Training 99.2 97.9 99.5 98.7
Test 99.5 97.4 97.8 97.6
Validation 98.8 97.6 99.2 98.7

Table 4 presents the performance of a Modified-GRU model on two classes of EEG data: Class 0
(with artifacts) and Class 1 (artifacts-free). The Modified-GRU model achieves high performance
on both classes of data, with accuracy scores above 98% and F1-scores above 97%. However, the
model performs slightly better on the artifacts-free data, with accuracy and F1-scores of 99.50%
and 97.60%, respectively.

Table 3. Performance Metrices on Modified-GRU Classification Model

EEG Dataset Acc. (%) Pre. (%) Recall (%) F1-Score (%)
Class-0 98.8 96.9 97.1 97
Class-1 99.5 97.4 97.8 97.6

Where class-0 = Modified-GRU with contaminated EEG and class-1 = Modified-GRU with EOG
Artifact Free EEG

Figure 10 represents a comparative analysis with modified GRU (M-GRU) methodology with the
presence of artifact and subsequent to the elimination of EOG artifacts.
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Figure 8. Comparative analysis of M-GRU with contaminated and Artifact-Free dataset

5. Discussion

The research work focuses on enhancing EEG signal analysis for epileptic seizure diagnosis by
addressing the prevalent challenge of artifact contamination and utilizing advanced analytical
techniques in hybrid approach for ocular artifact removal and deep learning to improve
classification accuracy. The study begins by discussing the significance of EEG signals in clinical
diagnosis and delves into the various types of artifacts that commonly disrupt these readings,
evaluating existing denoising strategies to highlight their inadequacies. Subsequent efforts were
directed towards a comprehensive literature review that scrutinizes past approaches to EEG
denoising and seizure classification, which lays the groundwork for the thesis by identifying the
current gaps in research.

A novel denoising technique that integrate ICA and DWT to remove ocular artifacts and a newly
enhanced deep learning model - a Modified Gated Recurrent Unit (MGRU) designed to overcome
prevalent issues in seizure classification, such as slow convergence rates and low learning
efficiency. The results of this empirical evaluation demonstrate the superiority of the new
approaches, which not only enhance the purity of EEG signals post-artifact removal but also
improve the accuracy and reliability of seizure classification outcomes. The cleaned EEG data
leads to a notable increase in classification accuracy, attaining an impressive 99.50% compared to
98.84% with the existing M-GRU approach. The proposed method classification results show an
accuracy of 99.5%. Fukumori et al. [43] claimed an accuracy of 90.2% with a neural network
method, RNN. Pisano et al. [44] achieved 98.84% accuracy with CNN. Liu et al. [45] designed a
model with an accuracy of 96% by using CNN, LSTM, and GRU. Further, Jaafar and Mohammadi
[46] presented an LSTM-based model with 97.75% accuracy. Two other models, 1D-CNN, LSTM,
and GRU, were proposed by Chen et al. [11] and Acharya et al. [47] with 96.82% accuracy with
GRU and 88.67% accuracy with CNN, respectively. The comparative analysis with other DL
models is depicts in Figurell.
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6. Conclusions & Future directions
Electroencephalography or EEG is a technique routinely used for recording the natural electrical
impulses and functioning of the brain over time. This non-invasive method offers various
advantages, including affordability, widespread availability, and precise timing of brain activity.
These signals are mostly contaminated with artifacts such as ocular, muscle and due to body
movement or some external environmental interferences. This article discusses the use of the
Discrete Wavelet Transform (DWT) approach, with the optimal 'db7' wavelet family, for removing
ocular (EOG) artifacts from EEG datasets. In addition to that, we also applied a deep learning
model known as a modified GRU to classify seizure patterns within the EEG signals—
distinguishing whether they were epileptic or normal. The results were assessed on two different
types of EEG sets—those with artifacts and those with cleaned signals. The findings showed that
clean data produced superior results in terms of accuracy, precision, recall, and F1-score for the
Modified GRU model. In summary, through pre-processing elimination of artifacts enables the
identical model to attain superior outcomes, highlighting the importance of artifact removal for
electroencephalography-based classification. The proposed Modified-GRU model is capable of
learning robust EEG features. This indicates that the model has the potential to develop accurate
and reliable EEG-based BCls in real-world settings. In the conclusion section, The authors should
explicitly write down the manuscript's contribution based on the results to answer the research
questions. The conclusion contains a summary of what is learned from the results obtained, what
needs to be improved in further study. Other common features of the conclusions are the benefits
and applications of the research, limitation, and the recommendations based on the results
obtained.
References
[1] S.Kotte and J. R. K. Kumar Dabbakuti, ‘Methods for removal of artifacts from EEG signal:
A review’, J. Phys. Conf. Ser., vol. 1706, no. 1, p. 012093, Dec. 2020, doi: 10.1088/1742-
6596/1706/1/012093.

Vol 12 Issue 01, Jan 2023 ISSN 2456 — 5083 Page 1191



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

WWwWw.ljiemr.org

[2] J. C. Henry, ‘Electroencephalography: Basic Principles, Clinical Applications, and Related
Fields, Fifth Edition’, Neurology, vol. 67, no. 11, p. 2092, Dec. 2006, doi:
10.1212/01.wnl.0000243257.85592.9a.

[3] M. F. Issa and Z. Juhasz, ‘Improved EOG Artifact Removal Using Wavelet Enhanced
Independent Component Analysis’, Brain Sci., vol. 9, no. 12, p. 355, Dec. 2019, doi:
10.3390/brainsci9120355.

[4] J. A. Uriguen and B. Garcia-Zapirain, ‘EEG artifact removal—state-of-the-art and
guidelines’, J. Neural Eng., vol. 12, no. 3, p. 031001, Jun. 2015, doi: 10.1088/1741-
2560/12/3/031001.

[5] M. M. N. Mannan, M. A. Kamran, and M. Y. Jeong, ‘Identification and Removal of
Physiological Artifacts From Electroencephalogram Signals: A Review’, IEEE Access, vol.
6, pp. 30630-30652, 2018, doi: 10.1109/ACCESS.2018.2842082.

[6] G. Inuso, F. La Foresta, N. Mammone, and F. C. Morabito, ‘Wavelet-ICA methodology for
efficient artifact removal from Electroencephalographic recordings’, in 2007 International
Joint Conference on Neural Networks, Orlando, FL, USA: IEEE, Aug. 2007, pp. 1524-1529.
doi: 10.1109/IJCNN.2007.4371184.

[7] X.Chen, A. Liu, J. Chiang, Z. J. Wang, M. J. McKeown, and R. K. Ward, ‘Removing Muscle
Artifacts From EEG Data: Multichannel or Single-Channel Techniques?’, IEEE Sens. J., vol.
16, no. 7, pp. 1986-1997, Apr. 2016, doi: 10.1109/JSEN.2015.2506982.

[8] E. Alickovic, J. Kevric, and A. Subasi, ‘Performance evaluation of empirical mode
decomposition, discrete wavelet transform, and wavelet packed decomposition for automated
epileptic seizure detection and prediction’, Biomed. Signal Process. Control, vol. 39, pp. 94—
102, Jan. 2018, doi: 10.1016/j.bspc.2017.07.022.

[9] L. Orosco, A. Garces, and E. Laciar, ‘Review: A Survey of Performance and Techniques for
Automatic Epilepsy Detection’, J. Med. Biol. Eng., vol. 33, pp. 526-537, Jan. 2013, doi:
10.5405/jmbe.1463.

[10] M. Natu, M. Bachute, S. Gite, K. Kotecha, and A. Vidyarthi, ‘Review on Epileptic Seizure
Prediction: Machine Learning and Deep Learning Approaches’, Comput. Math. Methods
Med., vol. 2022, p. 7751263, Jan. 2022, doi: 10.1155/2022/7751263.

[11] X. Chen, J. Ji, T. Ji, and P. Li, ‘Cost-Sensitive Deep Active Learning for Epileptic Seizure
Detection’, in Proceedings of the 2018 ACM International Conference on Bioinformatics,
Computational Biology, and Health Informatics, Washington DC USA: ACM, Aug. 2018,
pp. 226-235. doi: 10.1145/3233547.3233566.

[12] A. Sherstinsky, ‘Fundamentals of Recurrent Neural Network (RNN) and Long Short-Term
Memory (LSTM) network’, Phys. Nonlinear Phenom., vol. 404, p. 132306, Mar. 2020, doi:
10.1016/j.physd.2019.132306.

[13] A. Chaudhary and V. Bhattacharjee, ‘An efficient method for brain tumor detection and
categorization using MRI images by K-means clustering & DWT’, Int. J. Inf. Technol., vol.
12, no. 1, pp. 141-148, Mar. 2020, doi: 10.1007/s41870-018-0255-4.

[14] M. T. Akhtar, W. Mitsuhashi, and C. J. James, ‘Employing spatially constrained ICA and
wavelet denoising, for automatic removal of artifacts from multichannel EEG data’, Signal
Process., vol. 92, no. 2, pp. 401-416, Feb. 2012, doi: 10.1016/j.sigpro.2011.08.005.

Vol 12 Issue 01, Jan 2023 ISSN 2456 — 5083 Page 1192



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

WWwWw.ljiemr.org

[15] R. Mahajan and B. 1. Morshed, ‘Unsupervised Eye Blink Artifact Denoising of EEG Data
with Modified Multiscale Sample Entropy, Kurtosis, and Wavelet-ICA’, IEEE J. Biomed.
Health Inform., vol. 19, no. 1, pp. 158-165, Jan. 2015, doi: 10.1109/JBHI.2014.2333010.

[16] K. Yasoda, R. S. Ponmagal, K. S. Bhuvaneshwari, and K. Venkatachalam, ‘Automatic
detection and classification of EEG artifacts using fuzzy kernel SVM and wavelet ICA
(WICA)’, Soft Comput., vol. 24, no. 21, pp. 16011-16019, Nov. 2020, doi: 10.1007/s00500-
020-04920-w.

[17] M. Grobbelaar et al., ‘A Survey on Denoising Techniques of Electroencephalogram Signals
Using Wavelet Transform’, Signals, vol. 3, no. 3, pp. 577-586, Aug. 2022, doi:
10.3390/signals3030035.

[18] R. Bhobhriya, R. Boora, M. Jangra, and P. Dalal, “W-NLM: a proficient EMG denoising
technique’, Int. J. Inf. Technol., Jun. 2023, doi: 10.1007/s41870-023-01324-5.

[19] V. P. Nigam and D. Graupe, ‘A neural-network-based detection of epilepsy’, Neurol. Res.,
vol. 26, no. 1, pp. 55-60, Jan. 2004, doi: 10.1179/016164104773026534.

[20] I. Giiler and E. D. Ubeyli, ‘Adaptive neuro-fuzzy inference system for classification of EEG
signals using wavelet coefficients’, J. Neurosci. Methods, vol. 148, no. 2, pp. 113-121, Oct.
2005, doi: 10.1016/j.jneumeth.2005.04.013.

[21] M. Golmohammadi, S. Ziyabari, V. Shah, 1. Obeid, and J. Picone, ‘Deep Architectures for
Spatio-Temporal Modeling: Automated Seizure Detection in Scalp EEGs’, in 2018 17th
IEEE International Conference on Machine Learning and Applications (ICMLA), Dec. 2018,
pp. 745-750. doi: 10.1109/ICMLA.2018.00118.

[22] U. Orhan, M. Hekim, and M. Ozer, ‘EEG signals classification using the K-means clustering
and a multilayer perceptron neural network model’, Expert Syst. Appl., vol. 38, no. 10, pp.
13475-13481, Sep. 2011, doi: 10.1016/j.eswa.2011.04.149.

[23] A. Sharmila, ‘Epilepsy detection from EEG signals: a review’, J. Med. Eng. Technol., vol.
42, no. 5, pp. 368-380, Jul. 2018, doi: 10.1080/03091902.2018.1513576.

[24] F. Radenovi¢, G. Tolias, and O. Chum, ‘Fine-Tuning CNN Image Retrieval with No Human
Annotation’, IEEE Trans. Pattern Anal. Mach. Intell., vol. 41, no. 7, pp. 1655-1668, Jul.
2019, doi: 10.1109/TPAMI.2018.2846566.

[25] E. Choi, A. Schuetz, W. F. Stewart, and J. Sun, ‘Using recurrent neural network models for
early detection of heart failure onset’, J. Am. Med. Inform. Assoc. JAMIA, vol. 24, no. 2, pp.
361-370, Mar. 2017, doi: 10.1093/jamia/ocw112.

[26] Y. Bhanusree, S. S. Kumar, and A. K. Rao, ‘Time-Distributed Attention-Layered
Convolution Neural Network with Ensemble Learning using Random Forest Classifier for
Speech Emotion Recognition’, J. Inf. Commun. Technol., vol. 22, no. 1, Art. no. 1, Jan. 2023,
doi: 10.32890/jict2023.22.1.3.

[27] J. Chung, C. Gulcehre, K. Cho, and Y. Bengio, ‘Empirical evaluation of gated recurrent
neural networks on sequence modeling’, ArXiv Prepr. ArXiv14123555, 2014.

[28] P. Comon, ‘Independent component analysis, A new concept?’, Signal Process., vol. 36, no.
3, pp. 287-314, Apr. 1994, doi: 10.1016/0165-1684(94)90029-9.

[29] G. R. Naik and D. K. Kumar, ‘An Overview of Independent Component Analysis and Its
Applications’, informatica, vol. 35, pp. 63-81.

[30] A. Turnip, ‘Automatic artifacts removal of EEG signals using robust principal component
analysis’, in 2014 2nd International Conference on Technology, Informatics, Management,

Vol 12 Issue 01, Jan 2023 ISSN 2456 — 5083 Page 1193



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

WWwWw.ljiemr.org

Engineering & Environment, Bandung, Indonesia: IEEE, Aug. 2014, pp. 331-334. doi:
10.1109/TIME-E.2014.7011641.

[31] H. Adeli, Z. Zhou, and N. Dadmehr, ‘Analysis of EEG records in an epileptic patient using
wavelet transform’, J. Neurosci. Methods, vol. 123, no. 1, pp. 69-87, Feb. 2003, doi:
10.1016/S0165-0270(02)00340-0.

[32] C. Torrence and G. P. Compo, ‘A Practical Guide to Wavelet Analysis’, Bull. Am. Meteorol.
Soc., wvol. 79, no. 1, pp. 61-78, Jan. 1998, doi: 10.1175/1520-
0477(1998)079<0061:APGTWA>2.0.CO;2.

[33] A. Achmamad and A. Jbari, ‘A comparative study of wavelet families for electromyography
signal classification based on discrete wavelet transform’, Bull. Electr. Eng. Inform., vol. 9,
no. 4, Art. no. 4, Aug. 2020, doi: 10.11591/eei.v9i4.2381.

[34] T.-P. Jung, S. Makeig, A. J. Bell, and T. J. Sejnowski, ‘Independent Component Analysis of
Electroencephalographic and Event-Related Potential Data’, in Central Auditory Processing
and Neural Modeling, P. W. F. Poon and J. F. Brugge, Eds., Boston, MA: Springer US, 1998,
pp. 189-197. Accessed: Jul. 23, 2022. [Online]. Available:
http://link.springer.com/10.1007/978-1-4615-5351-9 17

[35] Y. Roy, H. Banville, 1. Albuquerque, A. Gramfort, T. H. Falk, and J. Faubert, ‘Deep learning-
based electroencephalography analysis: a systematic review’, J. Neural Eng., vol. 16, no. 5,
p. 051001, Oct. 2019, doi: 10.1088/1741-2552/ab260c.

[36] S. Hochreiter and J. Schmidhuber, ‘Long Short-Term Memory’, Neural Comput., vol. 9, no.
8, pp. 1735-1780, Nov. 1997, doi: 10.1162/neco.1997.9.8.1735.

[37] S. Laureys, O. Gosseries, and G. Tononi, The Neurology of Consciousness: Cognitive
Neuroscience and Neuropathology. Academic Press, 2015.

[38] R. Dey and F. M. Salem, ‘Gate-variants of Gated Recurrent Unit (GRU) neural networks’, in
2017 IEEE 60th International Midwest Symposium on Circuits and Systems (MWSCAS),
Boston, MA: IEEE, Aug. 2017, pp. 1597-1600. doi: 10.1109/MWSCAS.2017.8053243.

[39] X. Wang, J. Xu, W. Shi, and J. Liu, ‘OGRU: An Optimized Gated Recurrent Unit Neural
Network’, J. Phys. Conf. Ser., vol. 1325, no. 1, p. 012089, Oct. 2019, doi: 10.1088/1742-
6596/1325/1/012089.

[40] R. G. Andrzejak, K. Lehnertz, F. Mormann, C. Rieke, P. David, and C. E. Elger, ‘Indications
of nonlinear deterministic and finite-dimensional structures in time series of brain electrical
activity: Dependence on recording region and brain state’, Phys. Rev. E, vol. 64, no. 6, p.
061907, 2001.

[41] V. Prakash and D. Kumar, ‘An efficient approach for denoising EOG artifact through optimal
wavelet selection’, Int. J. Inf. Technol., Nov. 2023, doi: 10.1007/s41870-023-01615-x.

[42] V. Prakash and D. Kumar, ‘A Modified Gated Recurrent Unit Approach for Epileptic
Electroencephalography Classification’, J. Inf. Commun. Technol., vol. 22, no. 4, Art. no. 4,
Oct. 2023, doi: 10.32890/jict2023.22.4.3.

[43] K. Fukumori, N. Yoshida, and T. Tanaka, ‘Epileptic Spike Detection by Recurrent Neural
Networks with Self-Attention Mechanism’. bioRxiv, p. 2021.06.17.448793, Jun. 17, 2021.
doi: 10.1101/2021.06.17.448793.

[44] F. Pisano et al., ‘Convolutional neural network for seizure detection of nocturnal frontal lobe
epilepsy’, Complexity, vol. 2020, 2020.

Vol 12 Issue 01, Jan 2023 ISSN 2456 — 5083 Page 1194



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

WWwWw.ljiemr.org

[45] Y. Liu et al., ‘Deep C-LSTM Neural Network for Epileptic Seizure and Tumor Detection
Using High-Dimension EEG Signals’, IEEE Access, vol. 8, pp. 37495-37504, 2020, doi:
10.1109/ACCESS.2020.2976156.

[46] S. T. Jaafar and M. Mohammadi, ‘Epileptic Seizure Detection using Deep Learning
Approach’, UHD J. Sci. Technol., vol. 3, no. 2, pp. 41-50, Aug. 2019, doi:
10.21928/uhdjst.v3n2y2019.pp41-50.

[47] U. R. Acharya, S. L. Oh, Y. Hagiwara, J. H. Tan, and H. Adeli, ‘Deep convolutional neural
network for the automated detection and diagnosis of seizure using EEG signals’, Comput.
Biol. Med., vol. 100, pp. 270-278, Sep. 2018, doi: 10.1016/j.compbiomed.2017.09.017.

————————————————
Vol 12 Issue 01, Jan 2023 ISSN 2456 — 5083 Page 1195



