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Abstract
EEG signals play significant role in the study of mental disorders. Epilepsy is one of 
the major mental disorders and need significant technological support in the treat-
ment. A method proposed here is an endorsement technique for epileptic seizures 
using electroencephalogram (EEG) signals captured using non-invasive method. 
The method uses power spectrum density and discrete wavelet transformation 
(DWT). The impact of power spectral analysis along with the usage of EEG charac-
teristics in endorsement of epilepsy is addressed here. A publicly available EEG epi-
leptic dataset is processed using FIR filters along with DWT. The power spectrum 
density and its average were compared with specific spectrum to get the results and 
were compared against the standard EEG signal frequency range. It is found that the 
usage of DWT is more accurate and reliable to process and classify the EEG data for 
epilepsy endorsement.
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1  Introduction

The area of EEG signal processing is now grabbing the interest of many research-
ers to contribute toward the achievement of accurate analysis and classification on 
epilepsy [2, 17]. The clinical signs and EEG patterns of epilepsy depend on the type 
of subjects’ reaction. The cases like, head injury, cerebrum tumors, strokes and brain 
diseases are known as epileptogenesis. Hereditary changes can also be linked with 
such cases. EEG is one of the ways for recording brain electrical activity from the 
top of the skin on the head. The signals captured are the waveforms, and they reflect 
the electrical activity of the outer layer of the cerebrum. The captured signals’ inten-
sity indicates the small EEG activity and is commonly measured in microvolts (μV). 
Delta, Theta, Alpha and Beta waves are the categories into which the human EEG 
wave frequencies [1] are divided. A delta wave has a frequency less than or equal 
to 3 Hz and has the property of highest amplitude. The observation in this wave is 
prepotent rhythm in young babies up to one year and the sleeping stages of 3 and 4 
[1, 2]. This occurrence may be observed focally in case of “sub-cortical lesions,” “in 
general distribution with diffuse lesions,” “metabolic encephalopathy hydrocephalus 
or deep midline lesions” and most prominent posterior in children, and frontally in 
adults [1, 2].

The slow activity frequency range is from 3.5 Hz to 7.5 Hz in case of theta waves 
[1, 2]. This can be considered as abnormal for adults in awake state, but in the case 
of children up to 13 years it is quite normal. It will be in general seen as an indica-
tion of focal subcortical wounds; it can likewise be seen in summarized scattering in 
diffuse messes up, for instance, metabolic encephalopathy or a couple of events of 
hydrocephalus [1, 2]. The frequency range from 7.5 Hz to 13 Hz is termed as alpha 
wave; its place is on backside of the head on each side and is found higher to accept 
on the predominant side. On the other hand, a beta wave indicates "quick" action, 
has a frequency range of at least 14 Hz, and is generally seen on the two sides of 
the brain in even dissemination and is frontally most apparent [1, 2]. It is empha-
sized by narcotic sleep-inducing drugs, particularly the “benzodiazepines and the 
barbiturates.” It might be missing or decreased in areas of cortical harm, is typically 
considered as normal rhythm, and is the prevailing beat in patients who are alert 
or restless or have their eyes open [1, 2]. The emphasizing characteristics of EEG 
waves are majorly considered in medical treatment of mentally disordered patients. 
Epilepsy is a mental disorder, and based on the properties of human EEG waves, the 
medical practitioners can treat this disorder effectively. The technological support in 
epileptic seizure endorsement for medical practitioner will be a synergetic inclusion.

The methodology for epileptic seizure endorsement is proposed here using EEG 
wave patterns. Four EEG wave patterns, namely Delta, Theta, Alpha and Beta 
waves, were studied. The publicly available EEG data [32] which have been cap-
tured with sampling rate of 128 Hz are tested for the said purpose. However, the 
acquisition system with the spectral bandwidth of 0.5  Hz to 85  Hz was set [32]. 
Therefore, 40 Hz low-pass filter is introduced first. The EEG data are collected on 
ten epileptic subjects in order to reassert each subject as epileptic [32]. The usage of 
a finite linear impulse filter (FIR) filter with DWT led to an effective classification 
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and recognition. This article is organized as follows: introduction of related work is 
present in the next section, the adopted methodology is described afterward, then a 
discussion on the obtained results is given, and finally the conclusions are pointed 
out.

2 � Related work

Many research communities are now attracted toward Brain-Computer Interface 
(BCI). BCI acts like a channel from the brain to external equipment. The BCI treats 
the foreign device as a body part and also helps in achieving comprehensive brain 
mapping. The BCI involves research, augmenting, mapping, rectifying, and/or 
restoring sensory, experimentation, and cognitive functions. Artificial intelligence, 
machine learning, and data science are contributing in the arena of BCI; however, 
the work done in this area is still wide open for research.

The BCI has been presented as one of the major contributors in the area of medi-
cal and non-medical applications [16, 17]. There are many challenges and difficul-
ties in utilizing brain signals [2, 17]. For example, in the study of acts of hand move-
ment or various finger movements, EEG signals have to be properly amplified and 
filtered [3]. Further to add more about BCI, the study of amyotrophic lateral sclero-
sis (ALS) patients with the use of a P300 [8] speller BCI was also found effective 
[4], 5. For stroke motor recovery, BMI-based techniques are found useful and effec-
tive by many researchers. The physiological signals of the body and hemodynamic 
responses of the brain are combined with the brain-body machine interface to impro-
vise the detection of intention to move in healthy participants [7]. Moreover, stud-
ies examining whether NIRS-based BBMI systems boost reliability in determining 
stroke patients’ intention to move are still missing, and the effectiveness of NIRS-
based BBMI in restoring motor function in patients with stroke is still unknown[7].

It is possible to design a prosthetic limb for amputees that allows them to behave 
like that of a normal person, with the arm actuated by system instructions derived 
from brain signals. Amputees who have lost appendages and whose brains work nor-
mally will use such a device [9]. Rarely occurs the front-parietal and parieto-occipi-
tal networks primarily encode information on target and cursor positions and speeds, 
which are carried by EEG [10]. Attempts to raise the arm and head by people with 
spinal cord injuries (SCI) leave decodable neural correlates. An analysis of hand 
open, palmar grip, lateral grip, supination, and pronation in ten people with cervical 
SCI was carried out [10]. The same approach was tested on a person with cervi-
cal SCI as a proof-of-concept for classifying movement attempts online in a closed-
loop, and a moderate classification output of 68.4 percent was achieved concerning 
palmar grasp vs hand open (chance level of 50 percent) [11]. When used as part of 
an intracortical brain-computer interface (iBCI) in a closed-loop, offline decoders 
configured to reconstruct expected movements from neural recordings often struggle 
to achieve optimal online performance [12]. It was the first asynchronous high-speed 
BCI to distinguish between deliberate regulation (IC) and non-control (NC), with 
just 0.075 erroneous classifications per minute [13]. Using a matrix-keyboard of 32 
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targets, the asynchronous speller obtained an average information transmission rate 
(ITR) of 122.7 bits per minute.

EEG-based lie detectors became common over polygraphs as a result of human 
actions cannot influence them. Varied studies conducted "Guilty data Test" or "Con-
cealed data Test" by making a mock crime state of affairs to spot potential changes 
within the brain [14]. This work enclosed a simulated crime state of affairs EEG 
acquisition tool for ten participants. The wavelet approach created most of the 
themes to perform higher for EEG data. A comparison between the bottom classifi-
ers and therefore the ensemble structure was given with the over-performing ensem-
ble approach across the fundamental classifiers. The additional projected framework 
was compared with some existing approaches, achieving the most accuracy of 92.4% 
[14].

A 13-layer deep convolutional neural network (DCNN) rule was accustomed to 
find traditional, preictal, and seizure categories [20]. This DCNN technique had 
AN accuracy, specificity, and sensitivity of 88.67%, 90.00%, and 95.00%, severally. 
Complete ensemble empirical mode decomposition with adaptive noise (CEEM-
DAN) for convulsion identification has eliminated the concern of medical profes-
sionals and expedite encephalopathy analysis and diagnosing [21]. The Bayesian 
error and non-parametric chance distribution estimation have created an effect to 
work out the importance of every feature extracted [22]. Moreover, a redundancy 
analysis was done with correlation-based feature choice. The features: variance, 
energy, nonlinear energy, and technologist entropy, were ready to capture the sei-
zures considerably.

The baseline technique of classifying all epochs as traditional was shown AN 
improvement of 4.77 – 13.51% in terms of the Bayesian error. The empirical mode 
decomposition (EMD) and a multilayer perceptron neural network (MLPNN) were 
accustomed to decompose a time phase graphical record into intrinsic mode func-
tions (IMFs) on that autoregressive (AR) parameters were extracted, combined, 
and fed to the MLPNN classifier [23]. AN experiment doles out on an in public 
offered dataset [31]32, comprising traditional, interictal, and ictic graphical record 
signals achieved a classification accuracy of up to ninety-eight. Smoothened pseudo-
Wigner-Ville distribution gave 98.9% of accuracy [24]. AN adaptive multi-parent 
crossover Genetic rule was used for optimizing the options utilized in classify-
ing epileptic seizures [25]. Weighted Permutation Entropy and a Support Vector 
Machine classifier model were accustomed to enhance the sensitivity and exactness 
of the detection method [26].

The matrix determinant of graphical record as a big feature for recognition of 
epileptic seizures classified mistreatment support vector machine (SVM), K-near-
est neighbor (K-NN) [30], and multilayer perceptron (MLP) classifiers with tenfold 
cross-validation was proposed [27]. The results disclosed classification accuracies of 
99.45% employing a dataset from the University of urban center and of 97.56% mis-
treatment the RMCH dataset once classifying between the traditional and epileptic 
graphical record. The signals were rotten into time–frequency sub-bands until sixth-
level mistreatment dual-tree advanced ripple rework (DTCWT) [28]. Tunable-Q rip-
ple rework (TQWT) was projected and twenty-five frequency coefficients sub-bands 
were calculated by mistreatment TQWT within the pre-processing [29]. To interact 
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with the physical world, Human-in-the-loop cyber-physical systems (HiLCPSs) are 
introduced. Human cognitive activity can be measured using a HiLCPS through 
body and brain sensors [34]. The more accurate prediction along with low cost can 
be done with human-in-the-loop by the integration of experience and knowledge. A 
survey shows [35] works on human-in-the-loop from a data perspective and classify 
them into three categories with a progressive relationship: (1) “the work of improv-
ing model performance from data processing,” (2) “the work of improving model 
performance through interventional model training,” and (3) “the design of the sys-
tem independent human-in-the-loop” [35]. Artificial Intelligence (AI) is playing a 
major role to add more strength to the medical field. AI has a potential unique offer 
toward the best opportunities in improving medical practice. The argument in tech-
nological solutions should include integration of three conditions: (1) “they serve 
human ends”; (2) “they respect personal identity”; and (3) “they promote human 
interaction” [36]. The field of soft wearable robotics is just beginning and will 
evolve based on a better understanding of the underlying fundamental science of 
soft robotics and the human–machine interaction [37].

Further, the methodologies custom-made within the survey found strengthening 
the method of graphical record signal analysis and classification; but, a combination 
of power spectrum density and DWT can contribute additional toward increasing the 
potency of convulsion detection. Therefore, the methodology projected during this 
article is a cooperative inclusion in graphical record signal analysis and classifica-
tion for the epileptic disorder.

3 � Methodology

The importance of EEG signal processing can be seen in various medical and 
non-medical applications. The methodology proposed here is a set of different 
influential stages that plays a significant impact on the outcome. It is composed 
of dataset acquisition, filtering, feature extraction, classification, and recognition. 
The dataset [32] used in the proposed method was captured by using a 16-chan-
nel EEG cap aiming to reassert the subject under study is in an epileptic state. To 
begin with, the process EEG signal acquisition [32] of 10 subjects is done, chan-
nel selection is done to extract the signals of interest. Features are extracted using 
DWT to excerpt the attributes to be used in the classification. Feature extraction 
is done with the help of DWT because of its effectiveness compared to other 
methods in terms of accuracy of extraction features to ensure the effectiveness in 
the following steps, and this had been proved in several previous studies such as 
[38, 39]. The strength of power spectrum can be seen through the characteristics 
of hypnotic agent, which were discovered by raw EEG power spectral analysis; 
these characteristics are related to the mechanism of the agent. When inducing 
propofol sedation, beta oscillation is normal, and slow-delta oscillation occurs 
during the loss of consciousness. Since its mode of action is similar to propofol’s, 
midazolam’s EEG pattern is similar to propofol’s, and beta oscillation is common 
when sedation is induced. The oscillations of ketamine, beta, and gamma can be 
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seen in the 25–32 Hz band. Slow oscillation of the delta and spindles is a char-
acteristic of dexmedetomidine [17]. Hence DWT power spectrum will add more 
strength in EEG data processing.

Basically the two level DWT is used here to extract features and these features 
are taken in the form of LL, LH, HL, HH band coefficients. From these features, 
the classification and recognition are done with respect to power spectrum. The 
propounded methodology of Fig.  1 shows the brain EEG signal processing and 
classification.

The patients’ epilepsy reassertion process is shown in the block diagram of Fig. 2 
along with the EEG signal processing and analysis. Figure 3 shows the EEG data 
acquired from 10 subjects using a 16 channels EEG cap. Publicly available EEG 
data [32] are used, with the settings like—sampling frequency (SF), passband fre-
quency (PBF) and ripples for both initializing and stop band frequency (SBF) for the 
signal frequencies of delta, alpha, beta and theta waveforms. The PBF and SBF nor-
malization is done to measure the signal as usual, fixed, ease-to-use range as {[PBF. 
SBF] / Half of SF}. The frequency f is normalized to get fn for the range [0 to 1] 
using frequency sampling:

However, in accordance with the Nyquist–Shannon theorem, the sampling fre-
quency is usually to the minimal of twice the frequency f. Therefore, Eq. (1) is not 
more than 1/2. In order to get fn between range [0, 1], Eq. (1) is multiplied with the 
factor of 2:

(1)fn = f∕fs

EEG Signal 
Acquisition

Channel Selection 
& Noise Removal

Feature 
Extraction Classification Recognition

Fig. 1   Brain EEG signal processing and analysis

Parks-McClellan optimal 
FIR filter order estimation

Coefficients of 
FIR filter

DWTCompute Power 
Spectrum Density

Normalize 
Frequency

Average comparison

Compute frequency 
vector

Compute Average

Load Data 
(Sampling period 2 and 
sampling frequency 128)
(delta, theta, alpha, beta)

Recognition / 
Reassertion

To study behavioral 
patterns

Fig. 2   Detailed methodology for brain EEG signal processing and analysis
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Fig. 3   EEG data acquired for ten subjects (patients)
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The Parks–McClellan [33] algorithm works on iterative basis and is used for get-
ting the most favorable Chebyshev Finite Incentive Response filter. The maximum 
filter coefficients were obtained by this algorithm, where optimal FIR filters were 
obtained using indirect approach. The main target of this algorithm is to reduce the 
error in the pass bands and stop bands with the help of Chebyshev approximation. 
The variation found in Remez exchange algorithm is termed as Parks–McClellan 
algorithm specially designed for FIR filters and considered as a standard way to 
design FIR filter. The Parks–McClellan algorithm can be described as:

Step.1	 Guess the extreme positions that are equally spaced in the stop and pass 
bands

Step.2	 Conduct interpolation of polynomial and re-assess the local extreme posi-
tions

Step.3	 Extremes are changed to new positions and continue iteration until the 
extreme stops moving

Computing a discrete-time, direct-form FIR filter, with coefficients of numerator 
leads to filter the data with filter defined by a numerator coefficient vector. Apply-
ing DWT in order to extract LL, LH, HL and HH bands leads to get narrowed data 
called as feature extraction, which is useful in making the desired decision. The 
nonparametric estimation of the spectral power density of a broader sense uniform 
indiscriminate process is performed on LL, LH, HL and HH data. DWT is one of 
the finest transformation tools used to transform a given signal data into two-dimen-
sional wavelets or applying. The one-dimensional wavelet transformation along rows 
and columns of the data successively as separable two-dimensional transform.

In many cases, wavelets are used for signal data compression and signal data pro-
cessing giving low computational complexity of separable transforms. Mathemati-
cally as a convolution operation, the wavelet transform passes the signal data through 
low- and high-pass filters. This transform will lead to data decomposition into LL, 
LH, HL, and HH frequency sub-bands, where L denotes low-pass filtered bands and 
H denotes high-pass filtered bands. The LL sub-band was obtained with the help of 
low-pass filters, filtered along with row and column-wise to get an approximated 
signal data. This approximation LL sub-band contains a very high quantity of infor-
mation about the signal data under analysis; further obtained LL sub-band may be 
divided to get the most of the valuable quantity of information from the signal data. 
The components with high frequency can be found in other sub-bands, like LH, HL, 
and HH. These sub-bands may also be further divided to get four sub-bands and may 
be considered for utilization according to application. The decomposition of approx-
imated data is done at each level, hence getting the pyramidal tree of four sub-bands. 
This particular two-level decomposition makes the wavelet disintegration by level 
two of the input signal data.

The DWT is taken to pair up the input to get a directory of 2n values to store 
and pass them using Haar wavelet. When it is repeated recursively, it is observed 

(2)fn = 2 × f∕fs
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that the 2n-1 differences together with a final sum can be got by pairing the sums to 
prove the following scale. DWT decomposition splits the input signal in the form of 
higher-frequency and lower-frequency parts. To assess the high frequencies and low 
frequencies, the signal is passed through several high and low-pass filters, respec-
tively, with different cutoff frequencies at various resolutions.

The DWT signal decomposition is done by spanning one-dimensional signal x[n] 
from 0 (zero) to π radians. First the signal x[n] is passed through the filters; high-
pass g[n] along with a low-pass h[n].The Nyquist’s theorem eliminates one half of 
the sampled signals, which possesses π/2 radians, i.e., highest frequency range. The 
subsampling of this signal is done by the factor 2 and discard each second sample. 
This is a kind of a higher-level decomposition of x[n] and is expressed in math-
ematical form as:

where yhigh[i] and ylow[i] are the results of the respective high- and low-pass filters 
after sub-sampled by 2. The process shown above has a tendency of repeated extra 
decomposition. In a signal processing application, the usage of two-dimensional 
wavelet is limited to only square matrix data with the height and width equal to the 
power of two. If the data are in the form of N × N size, then it can be said that N = 2n. 
Figure 4 presents a one-level DWT decomposition of an input signal.

(3)yhigh[i] =
∑

n

x[i]g[2i − n]

(4)ylow[i] =
∑

n

x[i]h[2i − n],

(5)yhigh[i] =
∑

n

x[i]g[2i − n]

(6)ylow[i] =
∑

n

x[i]h[2i − n]

L

H

L

H

L

H

2

2

2

2

2

2
Input

LL

LH

HH

HL

Fig. 4   Example of a one-level wavelet signal decomposition
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The higher-level decomposition of x[n] is considered as an input to obtain peri-
odogram. This periodogram is the Fourier transformation of a bias estimate of the 
autocorrelation sequence. In this case, a signal x[n] is sampled at fs samples per unit 
time, and then the periodogram is defined as:

where Δt is considered as the sampling interval and for a one side periodogram, the 
values at all frequencies (except zero) and the Nyquist, ½ Δt, are multiplied by 2 to 
conserve the total power. Compute the average of power for classification (behav-
ioral patterns) to make decision by comparing with alpha, beta, theta and delta sig-
nals. Based on the comparison, the proposed methodology reasserts (recognition) 
the patient under test is in epileptic state and is summarized in the Fig. 5.

4 � Results and discussion

The impact and accuracy of the results obtained are addressed in this section. The 
contribution of the linear impulse FIR filter along with DWT in the process of clas-
sification and recognition is discussed, and also about how the LH and HH bands of 
DWT have given excellent outputs to justify the results. The results were obtained 
from EEG data [32] of ten epileptic patients. Table. 1 shows the comparison of the 
obtained results in terms of the standard frequency range. Figure 6 shows the layout 
of the 16 EEG channels cap used to acquire the studied signals [32].

The LL, HL bands of DWT have shown slight deviation indicating the subject’s 
brain is not in a coma or in an unconscious state but is in the state of epilepsy. Epi-
leptic seizures can jump from imperceptible and brief periods to significant stretches 
of vivacious shaking. From Figs. 7 and 8, it can be observed that during epilepsy, 
seizures tend to repeat and have no basic speedy cause. The fundamental system of 
epileptic seizures is excessive and non-uniform neuronal movement in the cortex of 
the brain. Ten subjects’ data are tested in the proposed scheme with different types 
of epileptic variants (Table  1). The linear phase FIR filter using Parks-McClellan 
[33] algorithm is applied to get coefficients of the FIR filter. The DWT is used to get 
the LL, LH, HL, and HH bands to obtain precise data for computing the power spec-
trum in decision-making. Then the average power of delta, alpha, beta, and theta 
waves were compared in order to recognize the status of the patient. The sampling 
frequency is set equal to 128 Hz [19, 20, 33]. The conversion of EEG data from a 
time domain to a frequency domain is done with the help of DWT. It can be real-
ized from Table 1 that the signal strength obtained from LL and HL bands indicated 
that the subject under study is epilepsy. The strength of the signal obtained from LH 
shown the result as 0 (zero) because of the low-pass filter used as the first filter and 
then high-pass filter in DWT, as also occurred in the case of the HH band (Figs. 9 
and 10). A filter here with cutoff frequency 128 Hz passes the signals higher than 
a cutoff frequency (here equal to 128 Hz) and blocks the signals with frequencies 

(7)�P(𝜔) =
Δt

N

|
|
||
|
|

n−1∑

k=0

x[k] × ej2𝜋fΔtk
|
|
||
|
|

2

,−1∕2Δt < f < 1∕2Δt
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Set the sampling frequency (SF)

Apply the linear-phase FIR filter 
using the Parks-McClellan algorithm

Compute the normalized frequency 
NF = [PBF SBF]/(SF/2)

Set stop band ripples of the 
delta/alpha/beta/theta waves (SBR)

Set the pass band ripples of the 
delta/alpha/beta/theta waves (PBR)

Set the stop band frequency of the 
delta/alpha/beta/theta waves (SBF)

Initialize the pass band frequency data 
to 0 (PBF)

Load the EEG data

Compare the average power of delta, 
alpha, beta and theta waves with max 
(PSD) respectively to recognize the 
status of the patient: epileptic state

Filter the data with the filter 
described by the numerator 

coefficient vector

Apply DWT on the data taken to 
get LL,LH,HL,HH band data

Take samples

Get the coefficients of the FIR filter

Compute the power spectrum 
density of the samples 

(periodogram)

Compute the average power

Compute a discrete-time, direct-form 
finite impulse response (FIR) filter, 

with numerator coefficients

Start

Stop

Fig. 5   Epileptic seizure detection process using non-invasive method



	 A. Ghuli et al.

1 3

Ta
bl

e 
1  

C
om

pa
ris

on
 o

f t
he

 o
bt

ai
ne

d 
re

su
lts

 in
 te

rm
s o

f s
ta

nd
ar

d 
fr

eq
ue

nc
y 

ra
ng

e

A
ve

ra
ge

 o
f P

ow
er

 S
pe

ct
ru

m
 D

en
si

ty

LL
 B

an
d

LH
 B

an
d

D
el

ta
Th

et
a

A
lp

ha
B

et
a

D
el

ta
Th

et
a

A
lp

ha
B

et
a

 <
 4 

H
z

4–
7 

H
z

7–
13

 H
z

13
–3

9 
H

z
 <

 4 
H

z
4–

7 
H

z
7–

13
 H

z
13

–3
9 

H
z

Su
bj

ec
t 1

0.
29

38
0.

00
52

0.
00

63
0.

00
14

0
0

0
0

Su
bj

ec
t 2

1.
34

23
0.

02
02

0.
01

19
0.

03
38

0
0

0
0

Su
bj

ec
t 3

0.
03

78
9.

51
07

 ×
 10

–4
0.

00
31

0.
01

44
0

0
0

0
Su

bj
ec

t 4
0.

10
65

0.
00

14
0.

00
33

0.
02

98
0

0
0

0
Su

bj
ec

t 5
0.

06
20

8.
24

23
 ×

 10
–4

9.
53

88
 ×

 10
–4

0.
01

31
0

0
0

0
Su

bj
ec

t 6
0.

59
24

0.
01

06
0.

12
8

0.
11

72
0

0
0

0
Su

bj
ec

t 7
0.

11
64

0.
00

21
0.

00
13

0.
12

61
0

0
0

0
Su

bj
ec

t 8
0.

02
12

5.
19

83
 ×

 10
–5

0.
00

41
0.

06
60

0
0

0
0

Su
bj

ec
t 9

0.
11

66
0.

00
21

0.
00

24
0.

00
94

0
0

0
0

Su
bj

ec
t 1

0
0.

13
98

0.
00

20
0.

00
24

0.
02

26
0

0
0

0

A
ve

ra
ge

 o
f P

ow
er

 S
pe

ct
ru

m
 D

en
si

ty

H
L 

B
an

d
H

H
 B

an
d

D
el

ta
Th

et
a

A
lp

ha
B

et
a

D
el

ta
Th

et
a

A
lp

ha
B

et
a

 <
 4 

H
z

4–
7 

H
z

7–
13

 H
z

13
–3

9 
H

z
 <

 4 
H

z
4–

7 
H

z
7–

13
 H

z
13

–3
9 

H
z

Su
bj

ec
t 1

0.
00

27
6.

41
04

 ×
 10

–5
2.

16
5 ×

 10
–4

5.
17

83
 ×

 10
–4

0
0

0
0

Su
bj

ec
t 2

0.
01

25
2.

29
47

 ×
 10

–4
4.

02
81

 ×
 10

–4
0.

00
48

0
0

0
0

Su
bj

ec
t 3

1.
77

09
 ×

 10
–4

9.
4 ×

 10
–6

2.
60

7 ×
 10

–4
0.

00
32

0
0

0
0

Su
bj

ec
t 4

8.
27

12
 ×

 10
–4

6.
65

08
 ×

 10
–6

3.
48

12
 ×

 10
–4

0.
00

61
0

0
0

0
Su

bj
ec

t 5
5.

70
26

 ×
 10

–4
5.

15
63

 ×
 10

–6
1.

31
42

 ×
 10

–4
0.

00
33

0
0

0
0



1 3

Epileptic seizure endorsement technique using DWT power…

Ta
bl

e 
1  

(c
on

tin
ue

d)

A
ve

ra
ge

 o
f P

ow
er

 S
pe

ct
ru

m
 D

en
si

ty

H
L 

B
an

d
H

H
 B

an
d

D
el

ta
Th

et
a

A
lp

ha
B

et
a

D
el

ta
Th

et
a

A
lp

ha
B

et
a

 <
 4 

H
z

4–
7 

H
z

7–
13

 H
z

13
–3

9 
H

z
 <

 4 
H

z
4–

7 
H

z
7–

13
 H

z
13

–3
9 

H
z

Su
bj

ec
t 6

0.
00

41
7.

01
51

 ×
 10

–5
0.

00
11

0.
04

69
0

0
0

0
Su

bj
ec

t 7
0.

00
11

2.
61

21
 ×

 10
–5

3.
76

25
 ×

 10
–5

0.
02

49
0

0
0

0
Su

bj
ec

t 8
2.

64
03

 ×
 10

–4
4.

65
14

 ×
 10

–6
1.

64
48

 ×
 10

–4
0.

02
58

0
0

0
0

Su
bj

ec
t 9

9.
88

04
 ×

 10
–4

2.
03

36
 ×

 10
–5

1.
27

05
 ×

 10
–4

0.
00

27
0

0
0

0
Su

bj
ec

t 1
0

0.
00

11
1.

27
51

 ×
 10

–5
3.

00
29

 ×
 10

–4
0.

01
04

0
0

0
0

“B
et

a 
w

av
es

”
“A

ct
iv

e,
 b

us
y 

th
in

ki
ng

, a
ct

iv
e 

pr
oc

es
si

ng
, a

ct
iv

e 
co

nc
en

tra
tio

n,
 a

ro
us

al
 a

nd
 c

og
ni

tio
n”

“A
lp

ha
 w

av
es

”
“C

al
m

 re
la

xe
d 

ye
t a

le
rt 

st
at

e”
“T

he
ta

 w
av

es
”

“D
ee

p 
m

ed
ita

tio
n 

/re
la

xa
tio

n,
 R

EM
 sl

ee
p”

“D
el

ta
 w

av
es

”
“D

ee
p 

dr
ea

m
le

ss
 sl

ee
p,

 lo
ss

 o
f b

od
y 

aw
ar

en
es

s”



	 A. Ghuli et al.

1 3

lower than the cutoff frequency. However, HL and LL bands showed negligible 
strength and succeeded in showing the subject under study is epilepsy. As the EEG 
signal is of a low-frequency component, the HL band first attenuates low frequen-
cies and allows high frequencies and then attenuates high frequencies to allow low 
frequencies. This led to identifying the frequencies required to classify and make 
a decision to identify the subject’s status. HL and LL bands gave more accurate 
results using the Haar wavelet. LL and HL bands corresponding to delta waves of 
Figs.  7 and 8 show very clear indications that as frequency increases, the ampli-
tude decreases to zero leading to the observation as prepotent rhythm. Theta wave 
represents "slow" activity, “in general distribution with diffuse lesions,” “metabolic 
encephalopathy hydrocephalus or deep midline lesions,” showing a type of epilepsy, 
and also a similar observation can be found in the case of alpha wave activity. On the 
other hand, as the beta wave indicates a "quick" action, with low amplitude against 
an increase in frequency emphasizing epilepsy can be observed.  

The various sorts of seizure include muscle firmness, loss of muscle control, 
jerky muscle developments of the face, neck, and arms, unconstrained fast jerking of 
the arms and legs, hardening of the body shaking, loss of bladder or inside control, 
staying quiet, loss of cognizance and so on. The results when compared with the 
literature available, data set and techniques were different. So, the comparison needs 
uniform and standard data—like the type of epilepsy, type of patients, age, whether 
under any other medical specific treatment, etc. The comparative study needs uni-
form data set for different techniques employed; so, in this article reassertion of epi-
lepsy is demonstrated. The results, for example, subject-1 from Fig. 7, demonstrate 
that for the frequency range from 1 to 140 Hz the waveform is declining from 1 to 
40 Hz show the probability of slow activities in the case of LL bands of delta and 
theta waves. On the other hand, the alpha and beta waves show that very low ampli-
tude movements showing a lack of high thinking and quick action movements. For 
subject-2, a few quick action movements can be observed in comparison with sub-
ject-1. The various types of body movements may be observed during epilepsy. In 
addition, the main focus of the present analysis is to identify the different relations 
between delta, theta, alpha, and beta waves and their significances for 10 subjects 

Fig. 6   Layout of the used 16 EEG channels cap



1 3

Epileptic seizure endorsement technique using DWT power…

and as shown in the graphs of Figs. 7 and 8. We found indentations for the power 
spectrum for frequency of 1 Hz and its harmonics at 130 Hz. Similarly, in the case 
of HL bands, the observations from Fig. 8 indicate the epileptic activities for the ten 
subjects that have been considered here.

Fig. 7   Nature of power spectrum on LL band extraction (DWT applied on FIR-filtered data)
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The higher-frequency components suggest that muscular activity might have 
domination or possibly influenced the results, as the activity of EEG can be observed 
as higher in awareness and lower in unresponsiveness. Classical EEG analysis is 

Fig. 8   Nature of the power spectrum on the HL band extraction (DWT applied on FIR-filtered data)
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usually performed in frequency bands below 30 Hz, i.e. the delta, theta, alpha, and 
beta bands.

The use of DWT played a major role in more sophisticated feature extraction, 
when applied on data filtered by FIR filter. Power spectrum density (periodogram) 

Fig. 9   Nature of the power spectrum on the LH band extraction (DWT applied on FIR-filtered data)
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helped in endorsing the outcome of the experiment. The experimental results of the 
propounded methodology show that the beta band frequencies have a quite different 
performance. When the lower part of the beta band (< 21 Hz) is increased, it can 
be observed that there is an increase in the unresponsiveness probability, but when 
there is an increase in the higher part of beta (> 21 Hz), probability of awareness has 
increased. By looking into this kind of behavior of the beta band, it is acceptable 

Fig. 10   Nature of the power spectrum on the HH band extraction (DWT applied on FIR-filtered data)
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to split the beta band into two for beta band power analysis. The components of 
the high-frequency range are suitable for the detection of awareness. It can also be 
stated that awareness detection has limitations if there is a presence of artifacts. The 
seizure characteristic behavior of delta and theta waves from Fig. 7 shows that the 
variation in amplitude is found between 0 and 35 Hz for LL bands, and the alpha 
and beta waves’ behavior from Fig. 7 shows the variation in amplitude is between 
20 and 120 Hz for LL bands leading to the reassertion of epilepsy. Similarly, when 
observed from Fig.  8, the seizure characteristics have the variation in amplitude 
from 0 to 40 Hz in the case of delta and theta waves for HL bands. The seizure char-
acteristics have a variation in the amplitude from 40 to 120 Hz in the case of alpha 
and beta waves for HL bands, leading to reassertion of epilepsy. Here ten epileptic 
subjects’ data are taken for the study and LL, HL bands of DWT with power spec-
trum analysis, and all ten cases are identified as epileptic.

5 � Conclusion

The methodology proposed here has led to convincing results. Openly available 
EEG data were used to reassert the included subjects as epileptic. The usage of the 
linear impulse FIR filter with DWT led to an effective classification and recogni-
tion of the used data. Four EEG wave patterns, namely delta, theta, alpha, and beta 
waves, were addressed based on the combination of the signal power spectrum with 
DWT. The methodology starts with filtering the data using an FIR filter for selecting 
the data of interest and the Haar wavelet transform pairs up input values, storing the 
difference and passing the sum, which is repeated recursively, pairing up the sums 
to prove the next scale, which leads to 2n-1 differences and a final sum considering 
LL and HL band frequencies. The LH and HH bands of DWT made an excellent 
contribution to the obtained promising results. The computation of the average of 
DWT applied on the power spectrum is used to build the frequency vector to study 
the behavioral pattern of epilepsy.

DWT confirms that it is a versatile tool to analyze signals that are not statistically 
predictable, especially in the region of discontinuities, a feature that is typical in 
EEG data. Finally, the decision is made by comparing the average power spectrum 
and the maximum power spectrum. Hence, from the results presented here, one can 
conclude that the combination of DWT and power spectrum leads toward achieving 
more accuracy in EEG data analysis and classification. Our future work will be on 
analyzing the EEG signals from the occipital lobe to judge the visual effects on the 
patient during epilepsy.

References

	 1.	 Brown EN, Lydic R, Schiff ND (2010) General anesthesia, sleep, and coma. N Engl J Med 
363(27):2638–2650

	 2.	 Abdulkader SN, Atia A, Mostafa MSM (2015) Brain computer interfacing: applications and chal-
lenges. Egypt Inform J 16(2):213–230



	 A. Ghuli et al.

1 3

	 3.	 Pattnaik PK, Sarraf J (2018) Brain Computer Interface issues on hand movement. J King Saud 
Univ-Comput Inform Sci 30(1):18–24

	 4.	 Guy V, Soriani MH, Bruno M, Papadopoulo T, Desnuelle C, Clerc M (2018) Brain computer inter-
face with the P300 speller: usability for disabled people with amyotrophic lateral sclerosis. Ann 
Phys Rehab Med 61(1):5–11

	 5.	 Van Dokkum LEH, Ward T, Laffont I (2015) Brain computer interfaces for neurorehabilitation–its 
current status as a rehabilitation strategy post-stroke. Ann Phys Rehab Med 58(1):3–8

	 6.	 Chaudhary U, Birbaumer N, Curado MR (2015) Brain-machine interface (BMI) in paralysis. Ann 
Phys Rehab Med 58(1):9–13

	 7.	 Miranda RA, Casebeer WD, Hein AM, Judy JW, Krotkov EP, Laabs TL, Weber DJ (2015) DARPA-
funded efforts in the development of novel brain–computer interface technologies. J Neurosci Meth-
ods 244:52–67

	 8.	 Hoffmann U, Vesin JM, Ebrahimi T (2007) Recent advances in brain-computer interfaces. In IEEE 
International Workshop on Multimedia Signal Processing (MMSP07) (No. CONF).

	 9.	 Sunny TD, Aparna T, Neethu P, Venkateswaran J, Vishnupriya V, Vyas PS (2016) Robotic arm with 
brain–computer interfacing. Procedia Technol 24:1089–1096

	10.	 Kobler RJ, Sburlea AI, Müller-Putz GR (2018) Tuning characteristics of low-frequency EEG to 
positions and velocities in visuomotor and oculomotor tracking tasks. Sci Rep 8(1):1–14

	11.	 Ofner P, Schwarz A, Pereira J, Wyss D, Wildburger R, Müller-Putz GR (2019) Attempted arm and 
hand movements can be decoded from low-frequency EEG from persons with spinal cord injury. Sci 
Rep 9(1):1–15

	12.	 Willett FR, Young DR, Murphy BA, Memberg WD, Blabe CH, Pandarinath C, Sweet JA (2019) 
Principled BCI decoder design and parameter selection using a feedback control model. Sci Rep 
9(1):1–17

	13.	 Nagel S, Spüler M (2019) Asynchronous non-invasive high-speed BCI speller with robust non-con-
trol state detection. Sci Rep 9(1):1–9

	14.	 Bablani A, Edla DR, Tripathi D, Kuppili V (2019) An efficient concealed information test: EEG 
feature extraction and ensemble classification for lie identification. Mach Vis Appl 30(5):813–832

	15.	 Tiwari N, Edla DR, Dodia S, Bablani A (2018) Brain computer interface: a comprehensive survey. 
Biol Ins Cognitive Architect 26:118–129

	16.	 Velloso GT (2012) Brain-Computer Interface (BCI): a methodological proposal to assess the 
impacts of medical applications in 2022. Enterprise and Work Innovation Stud 8:57–81

	17.	 Choi BM (2017) Characteristics of electroencephalogram signatures in sedated patients induced by 
various anesthetic agents. J Dental Anes Pain Med 17(4):241–251

	18.	 Umair R (2020) EEG Signal Analysis ( https://​www. mathworks.com / matlabcentral / fileexchange/ 
71322-eeg-signal-analysis ), MATLAB Central File Exchange. Retrieved Apr 23, 2020.

	19.	 Vijay D (2020). EEG ANALYSIS AND CLASSIFICATION (https:// www.​mathw​orks.​com / mat-
labcentral / fileexchange / 55112 – eeg – analysis – and – classification ), MATLAB Central File 
Exchange. Retrieved Apr 23, 2020.

	20.	 Acharya UR, Oh SL, Hagiwara Y, Tan JH, Adeli H (2018) Deep convolutional neural net-
work for the automated detection and diagnosis of seizure using EEG signals. Comput Biol Med 
100:270–278

	21.	 Hassan AR, Subasi A, Zhang Y (2020) Epilepsy seizure detection using complete ensemble empiri-
cal mode decomposition with adaptive noise. Knowl-Based Syst 191:105333

	22.	 Boonyakitanont P, Lek-Uthai A, Chomtho K, Songsiri J (2020) A review of feature extraction and 
performance evaluation in epileptic seizure detection using EEG. Biomed Sig Process Control 
57:101702

	23.	 Rafik D, Larbi B (2019) Autoregressive Modeling Based Empirical Mode Decomposition (EMD) 
for Epileptic Seizures Detection Using EEG Signals Autoregressive Modeling Based Empirical 
Mode Decomposition (EMD) for Epileptic Seizures Detection Using EEG Signals.

	24.	 Li JW, Barma S, Mak PU, Pun SH, Vai MI (2019) Brain rhythm sequencing using EEG signals: a 
case study on seizure detection. IEEE Access 7:160112–160124

	25.	 Al-Sharhan S, Bimba A (2019) Adaptive multi-parent crossover GA for feature optimization in epi-
leptic seizure identification. Appl Soft Comput 75:575–587

	26.	 Tawfik NS, Youssef SM, Kholief M (2016) A hybrid automated detection of epileptic seizures in 
EEG records. Comput Electr Eng 53:177–190

	27.	 Raghu S, Sriraam N, Hegde AS, Kubben PL (2019) A novel approach for classification of epileptic 
seizures using matrix determinant. Expert Syst Appl 127:323–341

https://www
http://www.mathworks.com


1 3

Epileptic seizure endorsement technique using DWT power…

	28.	 Swami P, Gandhi TK, Panigrahi BK, Tripathi M, Anand S (2016) A novel robust diagnostic model 
to detect seizures in electroencephalography. Expert Syst Appl 56:116–130

	29.	 Aydemir E, Tuncer T, Dogan S (2020) A tunable-Q wavelet transform and quadruple symmetric pat-
tern based EEG signal classification method. Med Hypotheses 134:109519

	30.	 You Y, Chen W, Li M, Zhang T, Jiang Y, Zheng X (2020) Automatic focal and non-focal EEG 
detection using entropy-based features from flexible analytic wavelet transform. Biomed Sig Process 
Control 57:101761

	31.	 Vanabelle P, De Handschutter P, El Tahry R, Benjelloun M, Boukhebouze M (2020) Epileptic sei-
zure detection using EEG signals and extreme gradient boosting. J Biomed Res 34(3):226–237

	32.	 Andrzejak RG, Lehnertz K, Mormann F, Rieke C, David P, Elger CE (2001) Indications of nonlin-
ear deterministic and finite-dimensional structures in time series of brain electrical activity: depend-
ence on recording region and brain state. Phys Rev E 64(6):0619

	33.	 Filip SI (2016) A robust and scalable implementation of the Parks-McClellan algorithm for design-
ing FIR filters. ACM Trans Math Softw (TOMS) 43(1):1–24

	34.	 Schirner G, Erdogmus D, Chowdhury K et al (2013) The future of human-in-the-loop cyber-physi-
cal systems [J]. Computer 46(1):36–45

	35.	 Wu X, Xiao L, Sun Y, et al. A Survey of Human-in-the-loop for Machine Learning [J]. arXiv pre-
print arXiv:​2108.​00941, 2021.

	36.	 Jotterand F, Bosco C (2020) Keeping the “human in the loop” in the age of artificial intelligence[J]. 
Sci Eng Ethics 26(5):2455–2460

	37.	 Walsh C (2018) Human-in-the-loop development of soft wearable robots[J]. Nat Rev Mater 
3(6):78–80

	38.	 Li M, Chen W, Zhang T (2017) Classification of epilepsy EEG signals using DWT-based envelope 
analysis and neural network ensemble. Biomed Sig Proces 31:357–365

	39.	 Prochazka A, Kukal J and Vysata O. Wavelet transform use for feature extraction and EEG sig-
nal segments classification. In: 3rd international symposium on communications, control and signal 
processing, 2008 (ISCCSP 2008), St Julians, 12–14 March 2008. New York: IEEE.

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published 
maps and institutional affiliations.

arXiv:2108.00941

	Epileptic seizure endorsement technique using DWT power spectrum
	Abstract
	1 Introduction
	2 Related work
	3 Methodology
	4 Results and discussion
	5 Conclusion
	References




