
Chapter 3

Removal of Artifacts from EEG Signals

3.1 Introduction

EEG records the electrical activity occurring within the brain and facilitates the detection of

any abnormal activity that might lead to neurological disorders. Whenever an EEG recording

is taken, it tends to get contaminated with various artifacts. These artifacts, also called noise,

can be of various types. Both physiological and non-physiological artifacts can interfere with

accurate readings during EEG tests. These can take various forms, such as ECG/CA, EMG/MA,

EOG/OA, and background noise from the instruments used in the test [42–44, 47]. The patient

might move their limbs or blink during the examination, or it could be their heartbeat rhythm,

which might be found as an artifact in an EEG recording [34, 35, 41]. The emergence of portable

systems that utilize SC-EEG has revolutionized real-time medical observation systems and BCI,

especially in non-clinical and indoor settings. The artifacts mentioned above can easily become

a part of the EEG signals being recorded in such settings [25].

Traditional techniques like adaptive filters can be used for AR, but they require an ad-

ditional artifact reference channel, which adds to the hardware overhead [25] or needs initial
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calibration. Techniques such as wavelet decomposition [146], EMD [63], and VMD [43] do not

necessitate the presence of either an artifact reference channel or an initial calibration process

[25]. Various tasks involving pattern classification of EEG signals, including BCI, identify-

ing seizures in epilepsy patients, detecting Alzheimer’s, biometrics, and emotion recognition,

require the elimination of the MoA as a prerequisite [49–51, 147–153]. Some works have

acknowledged that compared to artifacts associated with eye movement and heart function, ar-

tifacts caused by muscle contractions are notably harder to eliminate. The primary challenge in

addressing EMG artifacts arises because they exhibit a wide range of frequencies, are distributed

across various locations in the scalp, and lack a consistent pattern or structure [56]. Another

work proposed a methodology that integrates the signal’s characteristics in both the time and

frequency domains to remove OAs [60]. It utilizes a DL network and can be implemented with

several other denoising methods based on DL techniques.

Based on the literature, the existing studies on AR from EEG signals are quite efficient.

However, only a few studies have provided methodologies for EEG signals in epileptic patients.

Apart from this, the variety of artifacts these techniques handle is also limited, as some cater to

only individual artifact types. Further, it is almost always theoretically implied by most of these

works that denoising will eventually improve the quality of signals and will become fit for clas-

sification or prediction purposes. Therefore, this research aims to develop a signal-denoising

model to remove artifacts that may occur in EEG signals derived from epileptic patients. Ini-

tially, noisy data is created by injecting noise into the original EEG signal. After this, STFT

is applied to the noisy EEG signal to obtain the signal’s time-frequency representation. The

transformed signal is then sent to the novel proposed denoising architecture, which is devel-

oped using a BLSTM, and this architecture is trained using the learning mechanism of a BSCN

[154]. This architecture, called Bidirectional Stochastic LSTM (BS-LSTM), has the advantages
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of both the abovementioned techniques. The framework of a BLSTM enables learning of com-

plex patterns in the past timesteps and the future time steps of the EEG signal. Along with

this, the learning based on BSCN brings in the benefit of the non-iterative nature of training the

classifier, making the training more efficient.

The main contribution of this research work is the proposed novel architecture that com-

bines the framework of a BLSTM and the learning mechanism of a BSCN. This novel archi-

tecture is utilized to denoise EEG signals in epilepsy patients. The proposed methodology can

handle multiple types of noises, like ECG, EMG, EOG, and PL, individually as well as in com-

bination. Through experimentation, it is reported that the novel technique efficiently improves

ES’s classification and prediction accuracy. Further, the proposed technique has also been used

on a sleep data set called CAP Sleep to prove the flexibility of domain adaptation.

3.2 Preliminaries

3.2.1 Short Term Fourier Transform

The STFT is a method of processing signals that includes analyzing small sections of the signal

using the Fourier transform and moving the analysis window across the entire signal. By doing

this, it is possible to analyze how the signal’s frequency content changes over time, providing

a time-frequency analysis. EEG signals are inherently unstable, so shorter analysis durations

with STFT can improve preprocessing results. Compared to the Fourier transform, the STFT

has superior properties of localizing in both time and frequency domains [155, 156].
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3.2.2 Bidirectional Long Short Term Memory

A BLSTM network is commonly used for processing sequential data, such as time series data

or signals with temporal dependencies. It uses two hidden states, one representing the forward

and the other representing the backward sequences. These two hidden states are concatenated

at each time step to form the final output, allowing it to capture dependencies in past and future

contexts [157]. The BLSTM network has been widely used in ES classification and predic-

tion using patients’ EEG signals. The network can learn to capture temporal dependencies and

patterns in the EEG signals, accurately classifying the signals into different seizure states. By

analyzing the patterns and trends in the EEG signals leading up to seizure events, the network

can provide an early warning system for epileptic patients, allowing them to take preventive

measures. The BLSTM network’s ability to process sequential data and capture temporal de-

pendencies in the forward and backward directions in EEG signals effectively makes it well-

suited for seizure classification and prediction tasks. Additionally, the network can be trained

on large data sets of EEG signals from epileptic patients, enabling it to learn complex patterns

and improve its performance over time. Overall, the BLSTM network has shown promise in

classifying and predicting ESs using EEG signal data, offering potential benefits for epilepsy

diagnosis, treatment, and management.

3.2.3 Bidirectrional Stochastic Configuration Network

BSCNs are derived from Stochastic Configuration Networks (SCNs), which are randomized

NNs capable of conducting effective training without GPU. An SCN is generated incremen-

tally by stochastic configuration algorithms. The parameters of the nodes in the hidden layer

are randomly assigned using an initialization constraint, and the output weights are analytically
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Figure 3.1: The network structure of the Bidirectional Stochastic Configuration Network model
[7].

evaluated in either a constructive or selective manner. The proposed SCNs have been shown to

have the universal approximation property and can be used for data regression and classification

problems. SCNs are known to reduce the overhead of parameter tuning by automatically decid-

ing the number of nodes to be added to the hidden layer, done by using an error threshold value

[7]. Using the initialization constraint makes SCN more stable compared to other randomized

algorithms, but this mechanism of model training is quite time-consuming.

To understand BSCN better, the mathematical formulation of an SCN is explained along

with its training mechanism. In Figure 3.1, d is the dimension of the input data, λ refers to the

input weights, b refers to the biases of the hidden layer, n refers to the number of nodes in the

hidden layer of the current network, Nmax refers to the maximum number of nodes that can be

added to the network and θ refers to the output weights.

For a given data set, each sample can be represented as (Xi,Yi), where i = 1,2, ...M and M

is the number of samples in the training data set. The definition of an SCN is as follows:

gn(X) =
n

∑
j=1

θ j ∗a(λ j ·X +b j) (3.1)

where gn(X) is the target function, λ j = [λ j1,λ j2, ...λ jd], θ j = [θ j1,θ j2, ...θ j p], and a(·) is

the activation function. Also, p is the number of classes in a classification problem; this value
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is one for regression problems.

An error computed from the current network is given as:

rn = gn−1 −gn = [rn1,rn2, ...,rnp] (3.2)

where gn−1 is the error derived from the network when the hidden layer had n− 1 nodes. As-

suming that rn has not reached the acceptable error threshold ε , a new node is added to the SCN.

The new SCN is represented as:

gn+1 = gn +θn+1a(λn+1 ·X +bn+1) (3.3)

Here, λn+1, bn+1 and θn+1 were assigned randomly, but their values need to adhere to the

following condition, also known as the initialization constraint, represented as follows :

p

∑
k=1

(rnk,an+1)
2 ≥ ||an+1||2ρn+1 (3.4)

an+1 = a(λn+1 ·X +bn+1) (3.5)

ρn+1 = (1−q− γ)||rn||2 (3.6)

γn+1 =
1−q
n+1

,0 < q < 1 (3.7)

The output weights were calculated as follows:

θn+1,k =
⟨rnk,an+1⟩
||an+1||2

(3.8)

Here k = 1,2, · · · , p. After this, the error is calculated again for the network as rn+1 = rn −

θn+1a(λn+1 ·X +bn+1). This process, from Eq. 2 to 5, is repeated until ε/Nmax is reached.

Many applications utilize SCN and its variants, but they have one drawback. When a new

node is added to the hidden layer, several candidates for the input parameters are created, and

the best parameters must be selected according to certain preset conditions. This process of
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Figure 3.2: The proposed methodology to remove artifacts from EEG signals.

training the models takes time. To overcome such drawbacks, BSCN performs learning in two

modes: i) forward and ii) backward. The BSCN uses the parameter initialization method used

in SCN in the forward learning mode. In contrast, in the backward learning mode, the residual

error feedback of the existing model is used for one-time-based parameter initialization. These

types of learnings were executed one after the other until ε/Nmax is reached. The semi-random

learning technique of BSCN enhances its training ability while improving the quality of the

nodes in the hidden layer. BSCN, therefore, has better generalization ability than SCN. It is

faster with respect to training speed and has higher stability [154].

3.3 Proposed Methodology

Denoising is an essential preprocessing step that provides an artifact-free signal. This denoised

signal can further classify and predict spike events like ES. Specific settings for EEG signal

acquisition are more susceptible to artifacts, such as an ambulatory EEG recording. An extended

recording period of typically 24 to 72 hours allows for detecting infrequent or intermittent

abnormalities that may not be captured in a traditional, shorter-duration EEG recording. It

records the brain’s electrical activity using these monitoring systems even when the subject is

mobile, making them practical for diagnosing neurological disorders [58, 158]. Various steps

comprising the proposed method have been described in this section and are illustrated in Figure

3.2.
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3.3.1 Creation of Noisy Data

The databases utilized for experimentation in this research work are mostly clean data sets.

Thus, various noise types have been injected into the data using a fundamental formulation.

The noises used were mainly biomedical signals, i.e., ECG, EOG, EMG, and PL. The reason

for this is that in many clinical settings, various tests are performed along with EEG tests. The

proposed work has also been tested for various combinations of these artifacts. The mathemat-

ical formulation for the creation of a noisy EEG signal is as follows:

NoisyEEG = OriginalEEG +α ×Noise (3.9)

Here, α is the contamination coefficient [63].

After the addition of noise, the data is transformed using STFT. It is commonly used in

signal processing, including the analysis of EEG signals. It is an extensively used tool for

analyzing the time-varying frequency content of signals, allowing researchers and clinicians

to observe the fluctuations or variations in the brain’s electrical or neural activity over time

associated with different cognitive processes, brain states, or neurological conditions [159].

STFT allows for flexibility in window selection, which can impact the trade-off between time

and frequency localization. Different window functions can be used to adjust the shape and

size of the time window, enabling customization based on the characteristics of the EEG signal

and the specific denoising requirements. A Hamming window has been used for the proposed

work. This window has been selected as it improves the frequency representation of the signal

by applying a taper to the ends [160–163].
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3.3.2 Bidirectional Stochastic LSTM Denoising Method

The proposed method has the advantages of a BLSTM and a BSCN, a semi-random constructive

algorithm. BSCN naturally inherits the universal approximation property and accelerates train-

ing efficiency. The BLSTM processes the frequency and time resolution information derived

from the signal.

Let n− 1 be the number of hidden nodes currently in the network, and a new nth node is

added. The next step is to identify the order of the node, which will further help in deciding

the type of learning that will be performed. If the type of learning is represented as l, then

identifying the node order can be defined as :

l =


n ∈ {2t +1, t ∈ Z}, order is odd

n ∈ {2t, t ∈ Z}, order is even

When the order is odd, l = 0, forward learning is performed. In this, the parameters are assigned

in the same manner as that in an SCN. Smax pairs of (λ ,b) are generated from a symmetric

interval [−υ ,υ ], according to the inequality in Eq. 4, and corresponding θ are generated from

Eq. 5. The pair which gives a maximum reduction in rn is selected. An updation of rn is

formulated as follows:

rn(X) = rl−1(X)−θna(λn ·X +bn) (3.10)

If ε/Nmax is reached, the model training is terminated, or a new node is added to the network.

When the order is even, l = 1, and backward learning is performed. In this, the (λ ,b) are

generated according to the residual error feedback of the existing network and are calculated as
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follows:

Gn
r = rn−1 · (θn−1)

−1 (3.11)

λn = a−1(µ(Gn
r)) ·X−1 (3.12)

bn = rmse(a−1(µ(Gn
r))−λn ·X−1) (3.13)

Eq. 3.11 calculates the error feedback function sequence. θ of the new node is calculated as

follows:

θn,k =
⟨rn−1,Gn⟩
||Gn||2

,k = 1,2, ..., p (3.14)

Gn = µ
−1(a(λn ·X +bn)) (3.15)

After this, just as in forward learning, r is updated, and then if the termination conditions are

met, the training is terminated.

The learning strategies used by BSCN are utilized to train the classifier. But, BSCNs

are shallow networks and cannot be used for large data sets [154]. Utilizing BLSTM helps

handle the complexity of modeling problems as the network can be improvised to increase

the complexity of the model by removing any restrictions on adding hidden layers and the

number of nodes in those layers. This flexibility makes the model efficient enough to handle the

complexities of real-life problems. The task of denoising EEG signals needs a complex network.

Thus, for implementing the BS-LSTM, the incremental nature of the BSCN was not considered;

instead, the number of nodes present in the bidirectional layer was fixed. The training was

performed for Nmax iterations or until the ε is reached. The parameters of the existing network

were updated according to both types of learning, i.e., forward and backward, and alternatively,

until the termination condition was reached .The denoised signal is then transformed into the

time domain by applying inverse STFT.
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3.4 Result Analysis

In this section, the experimental setup and details are discussed. Apart from this, the exper-

imental results of the above data sets and their detailed analysis have been presented. Also,

for the exposition of implementation flexibility in domains other than epilepsy, a sleep data set

was used. All the experiments have been developed according to the settings in [46]. Fast-ICA

[164], MOFPA-WT [165], WDESN [66], VMD-DWT-WPT [70], RNN-LSTM, and BLSTM

were the state-of-the-art techniques that have been used to compare the performance of the

proposed novel BS-LSTM keeping Fast-ICA as the baseline. The aim is to develop a patient-

generic AR system for EEG signals. For this purpose, all the patients in the data sets were

considered to conduct this study.

3.4.1 Evaluation Based on Denoising Task

In this research, to perform denoising using the proposed BS-LSTM, noisy data is created ac-

cording to Eq. 3.9. While creating noisy signals, an SNR of 10 dB was considered. Table 3.1

represents the artifacts and their Artifact Combinations (ACs). When the signal is injected with

a Single Artifact (SA), one of AC1, AC2, AC3, or AC4 is used to create a noisy EEG signal. If

the signal is injected with Artifacts in Pairs (AiP), then AC5, AC6, AC7, AC8, AC9, or AC10

were used to create noisy data. Similarly, when a Combination of Three Artifacts (CoTA) was

injected into the EEG signal, AC11, AC12, AC13, or AC14 were used. In cases where all four

artifacts were used to create the noisy data, AC15 is used. Only the additive inclusion of ar-

tifacts in the EEG signal has been considered for simplification [146]; although, some works

suggest the removal of multiplicative artifact interference as well [166]. The value of α in Eq.

3.9 changes depending on the type of artifact or combination, i.e., SA, AiP, or CoTA, affecting
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Table 3.1: Representation of artifacts and their combinations in the experimental results.

Symbol Group Artifacts Symbol Group Artifacts

SA

AC1 ECG
AiP

AC9 EMG, PL
AC2 EMG AC10 EOG, PL
AC3 EOG

CoTA

AC11 ECG, EMG, EOG
AC4 PL AC12 ECG, EOG, PL

AiP

AC5 ECG, EMG AC13 ECG, EMG, PL
AC6 ECG, EOG AC14 EMG, EOG, PL
AC7 ECG, PL AC15 ECG, EOG, EMG, PL
AC8 EMG, EOG

the signal. Also, in cases of AiP and CoTA, if ECG is affecting the signal, then it is used as

0.5× ECG [167] to create a noisy EEG signal.

Implementing the proposed novel BS-LSTM required specific parameters, such as MSE,

which was the choice of the error function to calculate r at each iteration of learning performed.

The number of units in the architecture was 64, dropout was taken as 30.0%, the number of

epochs was taken as 100, and the learning rate taken was 0.001.

The performance metrics used to assess the performance of various methods and the pro-

posed technique to perform denoising on EEG signals are SNR, Percentage Root Mean Square

Difference (PRD), and MSE. These metrics are defined as follows :

SNR(dB) = 10 · log10
Var(D)

Var(C)
(3.16)

PRD(%) =

[√
∑

N
i=1 [di − ci]

2

∑
N
i=1 ci2

]
×100 (3.17)

MSE =
1
N

N

∑
i=1

[di − ci]
2 (3.18)

Here D is the denoised signal, C is the contaminated signal, N is the number of data points in

the signal, d is an element of the signal D, and c is an element of the signal C [53].
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Figure 3.3: The performance of various activation functions concerning (a) SNR, (b) MSE, and
(c) PRD on DB1, DB2, and DB5 when used with the proposed BS-LSTM. These experiments
were performed to remove ECG noise.

3.4.1.1 Result Analysis For Selection of the Activation Function

The inequality in Eq. 3.4 dictates the initialization of model parameters. The activation function

is an essential governing factor in this inequality. Experiments were performed to assess the

choice of activation function with sigmoid, tanh, softmax, and ReLU. Figure 3.3 illustrates

the experimental results of utilizing various activation functions with the proposed BS-LSTM

network to denoise the EEG signal of DB1, DB2, and DB5 when it gets contaminated with

ECG noise.

The results depict that ReLU is the best choice for the activation function as it gives im-

proved results compared to sigmoid, tanh, and softmax across SNR, MSE, and PRD. Thus,
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further experimentation was done using ReLU. MSE was used for r calculation, Nmax was taken

as 64, and ε = 0.001. Also, for simplification purposes, the artifacts and their combinations are

here on represented as given in Table 3.1.

3.4.1.2 Result Analysis For DB1

The results in Table 3.2 show that for DB1, the proposed BS-LSTM performs the best. The

proposed technique shows an improvement of approximately 5 dB in terms of SNR. This value

is the maximum for AC2, i.e., 4.99 dB. However, the maximum SNR achieved is after the elimi-

nation of AC1 using the proposed BS-LSTM denoising technique. When multiple artifacts were

combined, it can be observed that the proposed technique improves upon the baseline in terms

of SNR by 6.00% to 7.10%. When the signal has AiP, the maximum improvement of 6.86%

over the baseline was observed for BS-LSTM to remove AC5. BS-LSTM attains the highest

SNR of 62.26 dB for the removal of AC9. In the case of CoTA, the highest SNR of 48.65 dB

was attained by the proposed technique to remove the AC14, giving the maximum improve-

ment of 6.17% on the baseline. Further, it was observed that the performance of BLSTM was

enhanced by performing the learning based on BSCN. It can be observed that BS-LSTM shows

an improvement of 0.31% to 4.12% over BLSTM. The maximum improvement of 7.10% over

baseline is seen when the technique removes AC15 with an SNR of 25.418 dB. The slightest

improvement of 0.62% over baseline is seen when the EEG signals were affected by AC12.

However, the SNR falls substantially when AC15 affects the data. For the proposed technique,

SNR was reduced by 69.10% when AC15 affected the signal, which shows that these artifacts

were not entirely eliminated. Regarding SNR, the proposed BS-LSTM gives maximum im-

provement when used for EMG noise compared to BLSTM.

MSE has also improved in the range of 0.657 to 1.159, with the most significant improve-
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ment being for AC1. When AC15 was considered for creating noise data, the MSE increased

more than five times when the signal was contaminated by just one type of artifact. Further,

if the EEG signal is contaminated with just one type of artifact, the proposed technique gives

the most significant improvement of 51.58% over baseline while removing AC1. However,

BS-LSTM gave a minor improvement of 12.82% while removing AC3, which was the overall

slightest improvement in MSE in DB1. When the signal has AiP, the best performance of BS-

LSTM was for AC5. The performance fell for AC10, increasing the MSE to 7.82. However,

this was an improvement of 46.08% over baseline, whereas maximum improvement was seen

in removing AC5. When CoTA affected the signal, AC13 could be removed easily compared

to AC14, which caused the MSE to increase. BS-LSTM was able to show improvement in the

range of 49.70% to 44.64%. When AC15 affected the signal, it gave a substantial rise in MSE.

The integration of BLSTM and BSCN improved the performance of BLSTM in the range of

7.38% to 48.54%

Similarly, for PRD, the improvement ranged from 1.238% to 54.640%. The minimum

PRD was achieved in the case of BS-LSTM for removing AC1; it was a boost of 54.64% over

the baseline. Nevertheless, the PRD increased with the introduction of various combinations

of artifacts. For AiP, the most significant boost over baseline was seen when BS-LSTM was

used to remove AC5, i.e., 29.63%. However, when applied to remove AC8, it could achieve

only a 15.89% improvement over the baseline. When CoTA affected the signal, AC11 gave

the best results when denoising was performed using the proposed BS-LSTM. For DB1, it was

observed that the removal of AC1 was easier than other noises, which showed poor results

on all performance metrics. It is to be noted that the improvement in BLSTM performance

doubles when the BSCN learning mechanism is deployed to the BLSTM. For MSE and PRD,

the maximum improvement was observed for AC1 when BSCN was implemented with BLSTM.
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3.4.1.3 Result Analysis For DB2

Similarly, in Table 3.3, the improvement is observed in SNR, MSE, and PRD for DB2. SNR

improves in the range of 5.144 dB to 5.963 dB. The removal of AC1 using BS-LSTM gives

the maximum SNR of 86.78 dB. The lowest SNR achieved for contamination using SA was

for AC3 when denoising was performed using BS-LSTM. AC4 noise removal resulted in the

most significant improvement in SNR of 7.86% over baseline. When the EEG signal is con-

taminated by AiP, the proposed technique showed a maximum boost of 4.82% over baseline

when it was used to remove AC5. With the addition of more artifacts, the SNR fell, but the

proposed technique still performed better than the baseline and the state-of-the-art techniques.

When CoTA affected the signal, the proposed technique performed best for AC14. For AC15,

SNR was reduced by 66.06% compared to the SA cases.

In terms of MSE, removing AC1 gives the minimum MSE of 2.922, resulting in a maxi-

mum improvement of 36.70% over the baseline achieved by the proposed technique. However,

adding artifacts led to an increase in MSE, and the maximum MSE was observed to be 18.75

when denoising was performed for AC15 using BS-LSTM. The removal of AC3 was difficult

as the MSE attained was 3.95 when the proposed technique was used for denoising. When AiP

affected the signal, the removal of AC5 using BS-LSTM gave the MSE as 5.52, an improve-

ment of 26.76% over the baseline. This value of MSE was closely followed by the performance

of BS-LSTM for removing AC13 among the cases of CoTA-affected signal. The combina-

tion of AC14 gave the MSE of 11.12, the highest amongst such cases. BS-LSTM also showed

improvement over BLSTM in terms of MSE in the range of 2.11% to 29.97%.

In terms of PRD, the proposed technique achieves a maximum improvement of 61.01%

over the baseline for AC1, giving a minimum PRD of 2.39%. However, the maximum PRD

was achieved for AC2, i.e., 4.62% among the cases of the SA. For cases of AiP, the proposed
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method’s best performance was given by removing AC6, giving the PRD of 5.79%. This case

also gave the best improvement over the baseline of 38.31%. The worst performance was for

AC9, giving PRD of 9.59% amongst such cases when denoising was performed using BS-

LSTM, which was 14.52% better than the baseline. For cases of CoTA, the minimum PRD of

10.06% was observed for removing AC12 using BS-LSTM. Amongst such cases, a maximum

improvement of 29.39% over baseline is observed when BS-LSTM removed AC11. BS-LSTM

also shows an improvement of 44.46% over BLSTM in terms of PRD. From the addition of SA

to AC15, PRD increased almost ten times.

3.4.1.4 Result Analysis For DB3

For DB3, the experimental results are given in Table 3.4. It is observed that the maximum

SNR is achieved when denoising is performed using BS-LSTM, i.e., 77.85 dB for AC2, and

this value was the highest among all the ACs. This case also gave the maximum improvement

of 19.67% over the baseline. Among cases with SA-affected signals, removing AC4 gave a

minimum improvement of 15.05%

Similarly, for MSE, the removal of AC1 using BS-LSTM gives a minimum MSE of 3.07,

which in the case of AC2 becomes 3.52, the highest among such cases. Also, for AC4, the uplift

from the baseline is 36.93% when denoising is being performed using the proposed work. This

value is the highest among all ACs. For cases of AiP, AC7 is eliminated efficiently using BS-

LSTM, giving an MSE of 5.47. This case also gives the most considerable boost in performance

over baseline, i.e., 38.42%. The MSE increases substantially in the case of AC8 elimination

using BS-LSTM; it is reported to be 7.78. When CoTA affected the signal, the minimum MSE

attained was for AC13, i.e., 14.44, and the maximum was for AC14, i.e., 16.20. But, for the

elimination of such ACs, the improvement of BS-LSTM over baseline ranged from 23.64%-

62



Ta
bl

e
3.

4:
pe

rf
or

m
an

ce
of

va
ri

ou
s

te
ch

ni
qu

es
w

he
n

us
ed

to
pe

rf
or

m
de

no
is

in
g

of
E

E
G

si
gn

al
s

of
pa

tie
nt

s
in

D
B

3.

Fa
st

-
M

O
FP

A
-

W
D

-
V

M
D

-D
W

T-
R

N
N

-
Pr

op
os

ed
Fa

st
-

M
O

FP
A

-
W

D
-

V
M

D
-D

W
T-

R
N

N
-

Pr
op

os
ed

Fa
st

-
M

O
FP

A
-

W
D

-
V

M
D

-D
W

T-
R

N
N

-
Pr

op
os

ed
IC

A
W

T
E

SN
W

PT
L

ST
M

B
L

ST
M

B
S-

L
ST

M
IC

A
W

T
E

SN
W

PT
L

ST
M

B
L

ST
M

B
S-

L
ST

M
IC

A
W

T
E

SN
W

PT
L

ST
M

B
L

ST
M

B
S-

L
ST

M

SN
R

M
SE

PR
D

A
C

1
64

.9
33

1
71

.6
42

1
73

.1
34

9
73

.8
93

73
.0

28
4

75
.4

26
7

75
.8

92
2

4.
66

85
4.

73
49

3.
80

01
3.

66
3.

50
86

3.
15

83
3.

07
49

4.
53

7
4.

50
25

4.
24

96
3.

78
84

3.
21

72
3.

08
54

2.
50

18
A

C
2

65
.0

59
4

71
.9

10
8

73
.7

53
2

74
.4

79
8

74
.7

55
4

76
.5

63
3

77
.8

56
6

5.
48

82
5.

15
52

4.
58

3
4.

06
44

3.
92

2
3.

59
63

3.
52

41
5.

23
34

5.
43

09
4.

53
65

4.
35

53
3.

09
66

2.
90

1
0.

62
47

A
C

3
64

.9
65

2
72

.6
84

9
73

.6
53

3
73

.7
39

6
75

.3
96

6
76

.7
85

9
76

.7
69

6
5.

01
81

4.
85

49
4.

36
63

4.
45

44
3.

67
33

3.
59

57
3.

51
64

4.
09

75
3.

15
23

2.
39

26
2.

93
36

2.
29

59
2.

06
11

0.
99

92
A

C
4

66
.2

41
6

71
.7

25
3

73
.8

00
4

75
.0

59
7

75
.0

05
7

77
.2

81
7

76
.2

16
7

5.
56

89
5.

12
82

4.
10

45
3.

92
3

3.
57

91
3.

52
36

3.
51

25
4.

28
12

4.
11

8
3.

59
32

2.
70

45
1.

94
03

1.
79

45
1.

47
88

A
C

5
48

.2
38

7
49

.4
96

7
49

.0
64

2
50

.5
35

2
51

.8
94

1
52

.1
33

9
52

.8
84

5
8.

81
17

8.
20

21
7.

44
1

6.
51

42
6.

03
42

6.
01

7
6.

01
58

10
.7

76
6

9.
79

36
9.

79
5

8.
48

88
7.

80
42

6.
61

51
4.

21
35

A
C

6
48

.2
19

9
49

.0
61

4
49

.6
51

5
50

.5
79

7
51

.9
68

6
52

.0
22

3
52

.6
67

1
8.

34
17

7.
90

18
7.

22
42

7.
04

66
6.

10
57

5.
93

59
5.

62
59

9.
64

07
7.

51
5

7.
65

11
7.

06
71

6.
76

88
6.

01
4.

58
8

A
C

7
48

.4
75

2
49

.0
73

6
49

.4
59

6
50

.6
78

8
51

.9
44

1
52

.2
49

9
52

.5
56

5
8.

89
25

8.
17

51
6.

78
1

6.
69

66
6.

08
91

5.
93

2
5.

47
62

9.
66

12
8.

64
39

8.
85

17
6.

83
81

6.
50

21
5.

52
91

5.
19

28
A

C
8

54
.7

38
5

56
.5

09
2

56
.8

69
5

58
.3

49
7

59
.5

51
1

59
.5

84
1

60
.6

49
2

11
.4

62
4

10
.7

22
8

9.
90

72
9.

13
86

8.
11

11
8.

09
24

7.
77

78
12

.7
49

3
10

.6
94

6
9.

91
91

9.
81

38
7.

97
12

7.
36

83
3.

96
18

A
C

9
54

.9
93

8
56

.5
21

4
56

.6
77

5
58

.4
48

8
59

.8
32

3
59

.5
05

9
60

.5
38

6
12

.0
13

2
10

.9
96

1
9.

46
39

8.
78

87
8.

07
58

7.
96

14
7.

77
4

12
.7

69
8

11
.8

23
5

11
.1

19
7

9.
58

48
7.

70
45

6.
55

11
4.

90
29

A
C

10
54

.9
74

9
56

.5
18

7
56

.8
32

4
58

.4
93

3
59

.6
34

2
59

.6
67

60
.3

21
2

11
.5

43
1

10
.6

95
7

9.
32

1
9.

24
72

8.
14

74
7.

69
41

7.
57

03
11

.6
33

9
9.

54
5

8.
97

58
8.

16
31

6.
66

91
5.

94
6

5.
27

74
A

C
11

38
.1

73
1

41
.7

29
1

42
.7

71
3

42
.9

09
8

42
.6

31
44

.0
29

7
44

.1
99

2
20

.0
52

6
17

.8
96

7
17

.9
02

1
17

.3
99

4
16

.1
81

2
15

.3
49

14
.4

44
4

17
.5

04
8

16
.3

92
15

.6
29

7
15

.8
35

3
13

.8
76

7
13

.3
26

8
8.

10
42

A
C

12
38

.4
09

5
41

.6
92

42
.8

87
2

42
.9

59
8

42
.6

40
4

43
.8

71
3

44
.1

73
4

19
.3

92
6

17
.9

82
8

17
.8

69
6

17
.4

54
3

16
.3

63
6

14
.3

60
7

14
.8

08
1

16
.3

89
3

15
.2

42
3

14
.6

86
4

14
.1

84
5

12
.4

54
5

12
.0

24
7

9.
41

99
A

C
13

38
.4

28
4

41
.5

37
2

42
.6

43
1

42
.8

31
6

43
.0

52
6

44
.0

88
7

44
.1

28
9

19
.6

09
3

18
.4

52
9

18
.1

7
17

.3
82

8
15

.8
31

3
15

.1
99

3
14

.4
40

6
17

.5
25

3
17

.5
20

9
16

.8
30

3
15

.6
06

3
13

.0
60

2
13

.0
59

6
9.

04
54

A
C

14
44

.9
28

1
48

.9
09

9
50

.4
69

7
50

.5
21

6
50

.0
88

2
51

.8
53

4
51

.9
43

4
22

.0
75

5
21

.1
03

5
20

.6
90

6
19

.4
41

18
.4

55
7

17
.2

93
4

16
.2

02
6

19
.4

98
18

.4
21

9
16

.9
54

4
16

.9
31

2
13

.2
27

1
13

.8
12

8
8.

79
37

A
C

15
27

.7
28

28
.1

34
4

28
.8

07
28

.9
25

3
29

.0
23

7
29

.0
84

3
29

.3
16

1
28

.1
89

6
28

.0
23

3
27

.9
55

2
27

.7
73

7
27

.9
23

27
.6

02
2

25
.8

84
5

30
.4

71
5

30
.2

39
7

29
.9

66
8

28
.3

74
9

28
.4

56
27

.9
57

3
25

.8
68

9

Ta
bl

e
3.

5:
pe

rf
or

m
an

ce
of

va
ri

ou
s

te
ch

ni
qu

es
w

he
n

us
ed

to
pe

rf
or

m
de

no
is

in
g

of
E

E
G

si
gn

al
s

of
pa

tie
nt

s
in

D
B

4.
Fa

st
-

M
O

FP
A

-
W

D
-

V
M

D
-D

W
T-

R
N

N
-

Pr
op

os
ed

Fa
st

-
M

O
FP

A
-

W
D

-
V

M
D

-D
W

T-
R

N
N

-
Pr

op
os

ed
Fa

st
-

M
O

FP
A

-
W

D
-

V
M

D
-D

W
T-

R
N

N
-

Pr
op

os
ed

IC
A

W
T

E
SN

W
PT

L
ST

M
B

L
ST

M
B

S-
L

ST
M

IC
A

W
T

E
SN

W
PT

L
ST

M
B

L
ST

M
B

S-
L

ST
M

IC
A

W
T

E
SN

W
PT

L
ST

M
B

L
ST

M
B

S-
L

ST
M

SN
R

M
SE

PR
D

A
C

1
68

.1
25

1
71

.7
50

7
72

.9
20

7
79

.0
02

0
79

.5
63

5
81

.0
13

6
83

.0
28

7
4.

71
01

3.
45

50
3.

75
64

3.
51

28
3.

99
80

3.
66

18
3.

67
86

4.
93

73
5.

62
46

5.
01

70
5.

04
62

4.
08

49
4.

97
27

3.
95

01
A

C
2

68
.9

72
8

72
.5

93
2

73
.7

21
7

79
.3

40
2

80
.2

71
7

81
.0

31
1

83
.2

36
2

4.
39

37
4.

44
46

4.
10

42
4.

09
02

3.
88

79
3.

78
91

3.
11

61
3.

78
63

4.
79

00
3.

14
80

4.
26

44
4.

96
24

3.
56

44
2.

57
28

A
C

3
75

.9
62

9
79

.8
71

1
81

.0
53

1
86

.6
05

6
86

.6
75

4
87

.9
08

3
90

.9
48

3
4.

13
33

3.
89

25
3.

11
40

3.
08

56
3.

51
06

2.
93

81
2.

89
47

4.
03

48
5.

45
92

3.
80

48
4.

39
21

5.
33

97
5.

12
31

2.
23

71
A

C
4

73
.9

68
8

75
.8

16
9

77
.5

58
7

84
.2

84
3

83
.6

21
1

86
.8

05
2

87
.7

29
2

4.
65

75
4.

89
13

4.
03

20
3.

96
93

3.
88

27
3.

28
14

3.
27

81
3.

21
96

3.
78

41
6.

36
57

5.
06

40
4.

01
29

4.
48

38
2.

39
93

A
C

5
48

.4
82

8
49

.7
18

7
49

.8
16

6
52

.3
34

6
52

.3
46

0
52

.2
74

6
53

.1
22

3
12

.5
62

8
12

.1
48

0
12

.5
29

6
10

.9
84

4
11

.8
23

6
12

.1
51

8
11

.7
00

2
9.

18
74

10
.0

11
8

8.
05

61
10

.0
09

5
7.

44
83

9.
61

49
8.

75
18

A
C

6
49

.8
80

8
51

.1
74

3
51

.2
82

9
53

.6
26

7
53

.6
50

0
53

.8
77

1
54

.5
75

4
12

.5
22

1
12

.0
95

9
9.

92
24

10
.4

49
5

10
.3

42
8

10
.6

85
9

10
.6

87
1

9.
43

59
10

.6
81

0
8.

71
29

10
.1

37
1

10
.2

15
2

9.
77

55
7.

42
46

A
C

7
49

.4
82

0
50

.3
63

4
50

.5
84

0
53

.0
15

8
53

.2
33

2
53

.4
29

4
54

.1
11

2
12

.7
88

6
13

.5
55

1
12

.1
51

1
11

.8
17

5
11

.5
01

1
11

.5
35

4
10

.8
35

1
8.

62
07

9.
00

58
11

.2
73

8
10

.8
09

0
8.

88
85

9.
13

63
7.

58
67

A
C

8
56

.8
62

8
58

.5
17

8
58

.7
35

1
61

.7
24

7
61

.7
54

9
62

.2
21

4
62

.5
43

3
14

.0
48

8
13

.3
42

7
13

.5
72

4
12

.5
35

0
12

.5
52

9
11

.8
47

5
13

.0
68

3
10

.7
53

5
12

.6
58

7
9.

35
24

11
.8

78
5

10
.7

45
6

12
.2

51
6

9.
01

39
A

C
9

56
.4

64
0

57
.7

07
0

58
.0

36
2

61
.1

13
8

61
.5

34
3

61
.5

77
6

62
.0

79
0

14
.4

74
6

15
.4

03
3

14
.1

03
4

13
.7

69
8

12
.0

97
9

11
.6

85
1

12
.4

33
7

9.
93

83
10

.9
83

6
11

.9
13

3
12

.5
50

4
9.

41
88

11
.6

12
4

9.
17

61
A

C
10

57
.8

62
0

59
.1

62
6

59
.5

02
5

62
.3

94
6

62
.9

09
7

63
.1

20
1

63
.5

32
1

14
.3

73
4

15
.0

17
6

12
.5

04
0

13
.0

34
4

12
.1

64
7

12
.0

08
1

12
.9

60
6

10
.1

86
8

11
.6

52
8

12
.5

70
1

12
.6

78
0

12
.1

85
7

11
.7

73
0

7.
84

88
A

C
11

35
.7

99
7

37
.6

67
9

38
.2

47
0

41
.0

89
4

41
.3

45
8

41
.8

89
2

43
.1

39
8

17
.5

54
7

17
.2

98
2

15
.7

65
0

15
.6

05
4

16
.8

76
1

15
.8

45
0

15
.0

02
0

16
.0

18
7

19
.6

98
8

16
.0

45
0

18
.3

59
9

16
.2

98
5

18
.2

62
6

13
.3

80
4

A
C

12
36

.7
98

9
38

.3
12

7
39

.0
14

4
42

.0
78

2
42

.0
15

7
43

.0
44

1
44

.0
38

4
17

.8
18

5
17

.7
44

9
15

.6
92

9
15

.4
84

5
16

.8
70

9
15

.3
37

4
15

.1
64

0
15

.4
52

0
18

.6
92

9
19

.2
62

7
19

.1
59

4
17

.7
38

6
17

.7
84

0
12

.2
15

3
A

C
13

35
.4

00
8

36
.8

57
1

37
.5

48
1

40
.6

25
1

40
.7

34
9

41
.6

68
6

42
.4

96
0

18
.0

78
9

18
.2

97
0

16
.6

83
0

16
.4

89
0

17
.2

48
3

16
.1

88
3

15
.3

85
5

15
.2

03
5

18
.0

23
7

18
.6

05
9

19
.0

31
8

14
.9

71
7

17
.6

23
3

13
.5

42
5

A
C

14
43

.7
80

9
45

.6
56

2
46

.4
66

7
50

.0
46

0
50

.1
13

7
51

.1
48

9
52

.3
82

8
19

.8
57

2
20

.4
62

0
17

.9
18

8
17

.8
18

2
18

.7
59

9
17

.2
95

5
16

.4
40

8
16

.7
69

6
20

.6
70

6
19

.9
02

2
20

.9
00

8
18

.2
68

9
20

.2
60

1
13

.8
04

6
A

C
15

27
.6

25
6

27
.4

91
2

28
.9

00
7

28
.7

37
8

29
.6

27
3

29
.0

20
0

29
.3

10
5

31
.1

46
3

29
.3

72
8

26
.6

56
8

27
.0

45
5

25
.7

09
0

24
.4

03
8

23
.8

80
7

29
.1

56
0

28
.6

84
9

26
.8

98
9

26
.4

40
4

26
.0

86
6

24
.4

25
6

23
.9

21
4

63



27.97%. When AC15 affects the signal, the MSE increases by 88.12% to 25.88.

Regarding PRD, minimum PRD is attained when BS-LSTM is used to remove AC2, i.e.,

0.62%; this value also results in a maximum improvement of 88.06% over the baseline among

SA-affected signal cases. AC1 was harder to eliminate even when denoising was performed

using the proposed technique, as it gave the PRD of 2.50%, which was a 44.85% improvement

over the baseline. When AiP affected the signal, the minimum PRD attained was 3.96% for

AC8 when it was denoised using BS-LSTM. This case also gave the maximum boost over the

baseline, i.e., 68.92%. Among these cases, AC10 has the maximum PRD of 5.28%. For cases

of CoTA, AC11 is eliminated using BS-LSTM, resulting in a minimum PRD of 8.10% among

such cases. But, the maximum improvement BS-LSTM gave over the baseline was for AC14,

i.e., 54.90%. This value was minimum for AC12, i.e., 42.52%. When AC15 affected the signal,

the PRD increased by 90.33%, giving a PRD of 25.86%. It is to be observed that BLSTM

performance is also enhanced with the addition of BSCN, giving a boost in the range of 6.08%

to 78.47%.

3.4.1.5 Result Analysis For DB4

Table 3.5 for DB4 indicates that the SNR for the elimination of AC3 using BS-LSTM was the

highest, i.e., 90.95 dB. For AC1 elimination, SNR achieved was 83.02 dB, which also gave

the highest boost of 21.87% over the baseline when BS-LSTM was used for denoising. In the

cases of AiP, AC10 gave the maximum SNR of 63.53 dB when elimination was done using

BS-LSTM among such cases. However, the elimination of AC8 using BS-LSTM gave the

maximum improvement over the baseline, i.e., 9.98%. When CoTA affected the signal, the

maximum SNR of 52.38 dB was achieved for AC14 when the denoising was performed using

BS-LSTM. However, this gave the minimum improvement of 19.65% over the baseline among
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such cases. When AC15 affected the signal, the SNR dropped by 67.77% from the SNR attained

from SA, i.e., 29.31 dB. BLSTM also improved in terms of efficiency when BSCN is associated

with it. It was observed that BS-LSTM was 3.46% more efficient as compared to BLSTM.

In terms of MSE, the minimum MSE was achieved for AC2, i.e., 2.89, when the denoising

was performed using BS-LSTM, which was the least among all the ACs. This also showed

the most significant boost of 29.97% over baseline when denoising was performed using BS-

LSTM. However, in cases where SA affected the signal, maximum MSE was attained for AC1,

i.e., 3.68, which gave the minimum improvement of 21.90% over baseline among such cases.

For cases of AiP, the minimum MSE was attained for AC6, i.e., 10.68 when denoising was

performed using the proposed technique. However, maximum MSE was achieved for AC8,

i.e., 13.07. The improvement over the baseline achieved was in the range of 6.86% to 15.27%

when denoising was performed using BS-LSTM. For cases of CoTA, AC11 was removed most

efficiently as it gave the MSE as 15.00. However, this case gave the minimum improvement

over the baseline of 14.54%. Among these cases, AC14 gave the maximum MSE of 16.44,

but this case also had the most significant boost over the baseline of 17.20%. When AC15

affected the signal, the MSE increased 6.5 times from the SA-affected signal. The performance

of BLSTM also improved with the inclusion of the BSCN learning technique in the range of

0.10% to 17.76%

Similarly, in terms of PRD, the best performance was given by BS-LSTM for eliminating

AC3; PRD attained was 2.23%, which was the minimum across all ACs. This case also gave

the most significant improvement over baseline, i.e., 44.55%. In some cases, such performance

could not be achieved, e.g., in the case of elimination of AC1 using the proposed technique, only

a 19.99% boost over baseline could be achieved, giving PRD of 3.95%. For cases of AiP, AC6

was eliminated using BS-LSTM, which gave the best performance with a PRD of 7.42%. For
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some cases like AC9, the PRD was high, i.e., 9.17%, even when denoising was performed using

BS-LSTM. For cases of CoTA, the proposed technique removed the combination of AC12 most

efficiently, giving a PRD of 12.21%. This case also gave the most considerable improvement

over the baseline of 20.95% when the denoising was performed using BS-LSTM among all the

ACs. However, the combination of AC14 was eliminated, giving a PRD of 13.80%, which was

the maximum in such cases. PRD increased substantially when AC15 contaminated the signal

while denoising was performed using the proposed technique. It attained the overall maximum

PRD of 23.72% amongst all the ACs. The BLSTM’s performance was also enhanced with the

inclusion of BSCN, giving a boost of 56.33%, maximum for AC3.

3.4.1.6 Result Analysis For DB5

DB5 is a sleep data set, and experiments were performed on this data to prove the domain

flexibility of the proposed denoising methodology. BS-LSTM can be used for any EEG data set

apart from epilepsy EEG data sets. As can be observed from Table 3.6 for DB5, the SNR was

above 74.11 dB for all SA cases on all the techniques, including the proposed novel BS-LSTM.

The removal of AC1 gave the best results, with SNR reaching 85.61 for the proposed method.

For cases of SA-affected signal, denoising of AC3 signal gave the minimum SNR of 78.83 dB

using the proposed BS-LSTM. The removal of AC4 using BS-LSTM gave the maximum boost

of 6.79% over the baseline. Among the cases of AiP, AC9 was eliminated quite efficiently as it

gave the highest SNR of 63.74 dB, and AC6 could not be eliminated that efficiently as it gave an

SNR of 54.55 dB. In terms of improvement over baseline, the maximum improvement of 8.58%

was observed in the case of AC5 removal, which was also the overall maximum boost given by

the proposed technique across all ACs. When CoTA affected the signal, the proposed technique

could remove AC14 most efficiently, giving an SNR of 49.08 dB. However, for AC12, the SNR
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was reduced to 41.29 dB when denoising was performed using the proposed BS-SLTM. When

AC15 affected the signal, SNR was reduced by 68.49% when denoising was performed using

the proposed technique on the SA-affected signal. However, this case showed an improvement

of 5.96% over the baseline.

Similarly, in terms of MSE, too, AC3 gave the lowest MSE of 2.83, which is the best MSE

achieved overall among all the ACs, followed closely by 2.85 reported for AC4 when denoising

is performed using the proposed BS-LSTM. However, a maximum improvement over baseline

was observed to be 19.23% for AC2 elimination among the SAs, using the proposed BS-LSTM.

When AiP affected the signal, it was found that AC6 gave the least MSE of 8.055. This case also

significantly improved performance over the baseline of 17.13% among such cases. However,

for AC10, the MSE increased to 9.75 when the denoising was performed using BS-LSTM. In

cases of CoTA, AC11 was eliminated efficiently as it gave the minimum MSE of 8.70, whereas

AC14 was challenging to remove, which resulted in an MSE of 17.85. For AC15, the MSE was

the overall highest among all ACs, i.e., 22.88. However, this gave the maximum improvement

over the baseline of 20.24%. BS-LSTM also showcased the most significant boost over BLSTM

for AC15, i.e., 19.61%.

Regarding PRD, the proposed BS-LSTM proved superior, giving the best result for AC4,

giving PRD of 2.46%. Also, this case had the most significant improvement of 36.98% over

the baseline, overall, for all the ACs. The PRD value was highest for AC1, i.e., 3.45% among

the individual artifacts affecting the EEG signal. For AiP, AC7 was eliminated efficiently, giv-

ing a PRD of 7.45% when the proposed technique is used for denoising. This case had the

most significant improvement of 28.07% over the baseline. For cases of CoTA, AC11 gave the

minimum PRD of 8.46%, which was the most considerable improvement among such cases,

i.e., 23.82%. Nevertheless, for the case of AC14, the PRD increased substantially, i.e., 17.24%.
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Further, when AC15 affected the signal, the PRD reached 22.89%, which was 25.41% over

the baseline when denoising was performed using BS-LSTM. In terms of improving BS-LSTM

over BLSTM, it was observed that the proposed method improved in the range of 0.56% to

3.36% in SNR, 4.88 to 19.61% in MSE, and 0.20 to 5.37% in terms of PRD.

It should be noted that the addition of BSCN learning impacts the performance of BLSTM

and provides improved performance in all types of artifacts across all data sets. The reduced

values of SNR, MSE, and PRD due to the combination of all four artifacts across all the denois-

ing techniques for all the data sets show that these denoising techniques did not wholly eradicate

all artifacts when all four types were simultaneously present.

3.4.2 Evaluation Based on Classification and Prediction Tasks

After performing denoising of the EEG signal and evaluating various techniques on the de-

noising task, the experimentation was taken a step further. Experiments were performed to

compare the classification and prediction performance of various state-of-the-art classifiers.

These experiments were performed to evaluate the quality of the EEG signals after the required

preprocessing or denoising had been performed on them. The classifiers used were Stacked

LSTM (SLSTM), PSO based SLSTM, Brainstorm Optimization (BSO) based SLSTM, Battle-

Royale Optimization (BRO) based SLSTM, Search and Rescue Optimization (SARO) based

SLSTM, Forensic Based Investigation Optimization (FBIO) based SLSTM, and FB-SARO

based SLSTM (see [46, 168] for experiment details).

From each of these files, 275 features were extracted, and classification was performed

using this feature set to compare the accuracies after the injection of noise into the signal and

after the noise was removed from the signal. This gives us the significance of the proposed

technique. The performance of the classifiers on the noisy and denoised signal is measured in
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Figure 3.4: The effect of denoising performed using Bidirectional Stochastic LSTM. During
the classification of Epileptic Seizures in DB1, the improvement can be seen with respect to
(a) Accuracy (b) Sensitivity (c) Specificity. Also, while predicting the occurrence of Epileptic
Seizures, improvement in terms of False Prediction Rate can be observed in (d).

terms of Accuracy, Sensitivity, and Specificity. For DB1 and DB2, FPR has also been reported,

which is defined as:

FPR =
FalsePositives

FalsePositives+TrueNegatives
(3.19)

The performance was compared for three scenarios.

• Normal Preprocessing: This involves preprocessing the EEG signal before sending it to

the classifier. It uses a Finite Impulse Response (FIR) band-pass filter. The filter has a

frequency range of 0.25–25.0 Hz [168, 169].

• Without Denoising: In this scenario, the noisy data, created in Section 3.3, is used for
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Figure 3.5: The effect of denoising performed using Bidirectional Stochastic LSTM. During
the classification of Epileptic Seizures (ESs) in DB2, the improvement can be seen with respect
to (a) Accuracy (b) Sensitivity (c) Specificity. Also, while predicting the occurrence of ESs,
improvement in terms of False Prediction Rate can be observed in (d).

the classification and prediction of ES occurrence. These input EEG signals were not

preprocessed or denoised.

• With Denoising: This scenario involves the proposed denoising methodology using BS-

LSTM as the preprocessing step to clean noisy or contaminated EEG signals. After

denoising has been performed, the signal is sent for performing the classification and

prediction of ES.

Figure 3.4 indicates that when the noisy data was classified, the accuracy reduced to

68.55% from 91.10%, which was achieved using normal preprocessing. Whereas, after per-
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Figure 3.6: The effect of denoising performed using Bidirectional Stochastic LSTM. During
the classification of Epileptic Seizures in DB3, the improvement can be seen with respect to (a)
Accuracy (b) Sensitivity (c) Specificity.

forming denoising using the proposed BS-LSTM, it gave an accuracy of 80.93%. The best

accuracy has been achieved using FB-SARO-SLSTM using normal preprocessing at 94.69%;

without the denoising, the accuracy goes down to 81.53%, and after the denoising has been per-

formed, the accuracy increases to 96.21%. Similarly, for sensitivity, classification with noisy

data reduced the sensitivity to the range of 69.02% to 81.40%. However, after performing de-

noising on the EEG signals, the sensitivity achieved was in the range of 81.50% to 95.98%.

When the band-pass filter was used for preprocessing, the sensitivity achieved was in the range

of 90.71% to 95.17%. In the case of specificity, 17.7% to 18.5% improvement is seen when

data denoising is done using the proposed novel BS-LSTM-based methodology. After the clas-
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Figure 3.7: The effect of denoising performed using Bidirectional Stochastic LSTM. During
the classification of Epileptic Seizures in DB4, the improvement can be seen with respect to (a)
Accuracy (b) Sensitivity (c) Specificity.

sification task was experimented with, the prediction task was performed on the EEG signals to

perform seizure occurrence. FPR reported is in the range of 0.14/hr to 0.08/hr when data pre-

processing is done without the proposed technique, whereas when proposed denoising is used,

FPR lies in the range of 0.31/hr to 0.05/hr.

When classification and prediction of ES were made for the patients of DB2, similar trends

were observed across all the performance metrics, as shown in Figure 3.5. In terms of accuracy,

the noisy data caused the accuracy to become as low as 50.09%. However, once the denoising

was performed on the signals, the accuracy increased by 53.88% to 87.32%, giving a maximum

accuracy of 97.029% given by FB-SARO-SLSTM. This boost is more than 75.24% over the
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accuracy achieved using band-pass filter preprocessing. For sensitivity and specificity, the pro-

posed denoising technique made significant improvements. Sensitivity increased in the range

31.82% to 86.64%, and specificity increased in the range 84.46% to 87.6%. While predicting

the ESs, the FPR from noisy data was observed to be 0.45/hr, but after performing denoising

using BS-SLTM, the FPR was reduced to 0.04/hr.

Figs. 3.6(a) - 3.6(c) indicate that accuracy attained using a band-pass filter for prepro-

cessing lies in the range 89.95% to 93.41%; when classification is performed on the noisy data,

the accuracy falls to 60.46% when SLSTM was used. When the proposed denoising tech-

nique is used as part of the preprocessing, it is observed that accuracy improved in the range

of 93.43% to 96.90%; FB-SARO-SLSTM gives the best performance. Similarly, for sensitiv-

ity, the classifiers performed poorly when noisy data were used to classify seizures from non-

seizures. The sensitivity was observed to be 60.93% when SLSTM was used for classification;

this was the minimum value obtained. The signal is passed through a band-pass filter to improve

the performance of the classification, but it improves by a narrow margin, giving a sensitivity

of 91.67% for SLSTM. However, once BS-LSTM is utilized to perform the preprocessing of

the signal, sensitivity increased to 95.46% for FB-SARO-SLSTM, followed closely by FBIO-

SLSTM, which gave a sensitivity of 94.69%. A similar trend can be observed for specificity as

well. The noisy data caused the specificity to get reduced to 61.52% when the classification was

performed using SLSTM. When the classification of EEG signals involved normal processing

using a band-pass filter, the specificity attained is in the range of 86.74% to 91.60%. However,

an improvement can be observed in the overall performance of the classification done by the

SLSTM-based techniques, as the specificity attained was in the range of 94.20% to 95.81%.

FB-SARO-SLSTM performed the best on all performance metrics.

These experiments were performed on DB4 as well, and the results are illustrated in Figs.
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3.7(a) - 3.7(c). The resulting accuracy after classification was performed on noisy data using

SLSTM is 58.55%. This value could only reach 69.85% when the classification was performed

using FB-SARO-SLSTM. When preprocessing is performed on the signal using a band-pass

filter, the accuracy increases in the range of 92.56% to 93.49%. However, if the proposed

denoising technique is used in the preprocessing step, the accuracy increases substantially to

97.87%, which is the highest for the FB-SARO-SLSTM classifier. Similarly, for sensitivity, the

noises in the signal cause it to fall to 57.33% when classification is performed using SLSTM. For

other techniques like PSO-SLSTM or BSO-SLSTM, the sensitivity only improves a little due to

the artifacts present in the signal. It reaches 68.33% for classification performed by FB-SARO-

SLSTM. After the signal goes through preprocessing using a band-pass filter, the sensitivity

improves and is observed to be 93.02%-93.80%. However, when denoising using BS-LSTM is

done as a part of the preprocessing step, it can be seen that sensitivity increases significantly

to 98.04% for classification performed by FB-SARO-SLSTM. A similar trend can be observed

in specificity as the classification done on noisy signal causes it to reduce to 59.75%. When

normal preprocessing is performed on the signal, the specificity increases by 26.86% to 35.77%.

However, this range increases to 30.0%-62.02%, the best performance given by FB-SARO-

SLSTM, giving a specificity of 98.35%.

For DB5, the experiments were performed with noisy data, and results were compared

after denoising was performed using the novel BS-LSTM, as shown in Figure 3.8. Accuracy

reduced to 60.59% but, after denoising, increased to 94.55%. There was an improvement in

accuracy in the range of 34.044% to 37.63%. The best accuracy achieved was for FB-SARO-

SLSTM, closely followed by FBIO-SLSTM. Regarding sensitivity, the improvements were seen

in the range of 34.045% to 37.63%. Similarly, for specificity, the improvements were in the

range of 36.70% to 39.87%. FPR was derived for the prediction task, and the lowest value was
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Figure 3.8: The effect of denoising performed using Bidirectional Stochastic LSTM. During
the classification of Epileptic Seizures (ESs) in DB5, the improvement can be seen with respect
to (a) Accuracy (b) Sensitivity (c) Specificity. Also, while predicting the occurrence of ESs,
improvement in terms of False Prediction Rate can be observed in (d).

achieved using FB-SARO-SLSTM, i.e., 0.25/hr, which was a 19.36% improvement on the FPR

derived using noisy data.

It is observed that the quality of the EEG signal degrades due to contamination from ar-

tifacts to the extent that it becomes unfit to be used for any classification or prediction task.

Through experimentation, this research proves that the denoising being performed by the pro-

posed novel BS-LSTM on the EEG signals enhances the quality of the input signal. These

EEG signals, therefore, increase the efficiency of the classification task or the prediction task at

hand. The presence of noise in the data can negatively affect the performance of DL models,
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making it harder for the model to identify patterns and relationships in the data accurately. The

proposed denoising technique is designed to reduce the effect of noise on the data by removing

or reducing the impact of the noise in the input. Therefore, when the proposed denoising tech-

nique is applied, the input data becomes cleaner, and the models can more accurately identify

the patterns and relationships in the data, resulting in improved performance.

3.5 Summary

EEG signals frequently experience several sorts of artifacts, which makes it challenging to

extract useful information from them. This impairs the ability to do end tasks like ES clas-

sification and prediction. This work suggests a novel BS-LSTM architecture combining the

BLSTM framework with the BSCN learning mechanism. The EEG data of epileptic patients

were cleaned up using this innovative design. The proposed method works well with five pub-

licly accessible data sets and is effective. BS-LSTM can effectively eliminate ECG, EOG,

EMG, PL, and their combinations. When learning was carried out using the technique utilized

in BSCN, it was observed that the performance of BLSTM improved. The proposed approach

provides consistent improvement for all the data sets. Additionally, tests have demonstrated

that the proposed denoising approach improves the quality of the EEG data by eliminating arti-

facts and increasing the effectiveness of classification or prediction tasks that use these signals.

The underlying brain activity may be more accurately analyzed and interpreted when noise is

removed from the EEG readings. This is because denoising using the proposed BS-LSTM re-

sulted in more precise and dependable feature extraction while maintaining the temporal and

spatial properties of the EEG data. This characteristic of the proposed method makes it partic-

ularly useful for research that intends to identify biomarkers, gauge the effectiveness of treat-

ments, or look at minuscule brain abnormalities.
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In this chapter, it is seen how EEG signals can be cleaned and made artifact-free. This

makes the signal ready for classification and prediction tasks to be performed on them to create

efficient seizure management systems. Therefore, the next chapter introduces a new hybrid

optimization technique to improve seizure detection performance by identifying the optimal

LSTM architecture. The hybrid feature set effectively captures the non-linear characteristics of

EEG signals, enhancing seizure classification.
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