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Abstract

Electroencephalograph is an electrical field that produced by our brain with-
out any interrupt. In this paper, I & II-order derivatives of the Magnitude
Response Functions are proposed for EEG signal Enhancement. By using
this concept the random noise existing in the Electroencephalograph (EEG)
signals can be reduced. A simulated model is discussed to mix the random
noise of varying frequency & magnitude with the EEG signals and finally
remove the noise signal using I & II-order derivatives of the Magnitude
Response Functions filtering approach. The model can be used as estimation
and get rid of the tool of random as well as artifacts in EEG signal from mul-
tiple origins. This work also shows the magnitude spectrum and comparing
with FT magnitude spectrum. The filter characteristics are determined on the
basis of parameters such as Mean Square Error (RMSE), SNR, PSNR, Mean
Absolute Error (MAE) & Normalized Correlation coefficient (NCC) and a
good improvement is reported.

Keywords: Wavelet transform, I and II-order group delay function, fast
fourier transform (FFT), electroencephalograph EEG.
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1 Introduction

Mr. Berger recorded the first electroencephalograph (EEG) in 1929 by exter-
nally connecting numerous electrodes to the human skull [1]. These signals
typically convey information about physiological functions that are relevant
to the brain in an indirect manner. Several conceivable uses for these signals
have been integrated into the designs of modern technological gadgets with
embedded intelligence and supplied for Brain-Computer-Interfaces (BCI),
and they have become in great demand in medical appliances for automatic
signal interference [2]. Signal collection, processing, pattern detection, and
eventually control systems are all part of BCI [3].

Each of the five major brain waves has an own frequency range [4]. They
certainly are. Theta waves have a frequency range of 4 to 7 Hz and amplitude
of usually greater than 20 µV. Delta waves have a frequency range of 0.5
to 4 Hz, Beta waves have a rate of change of 13 to 30 HZ and a low voltage
range of 5–30 V, while Alpha waves have a frequency range of 8 to 13 Hz and
a 30–50 V amplitude. Gamma waves, which occur at frequencies of 35 Hz
and higher, are typically associated with active thinking, active attention,
concentrating on the outside world, or resolving practical difficulties.

The consciousness mechanism is supposed to be represented by this band.
We use theta, beta and alpha frequencies to characterise mental tasks in our
work.

The first steps in BCI systems are data collection and filtering, with
the filters designed to prevent introducing any distortion or alteration to the
signals. High pass filters with a cut-off frequency of less than 0.5 Hz are
used to remove the irritating very low frequency components, such as those
of breathing. The use of a low pass filter with a cut-off frequency of around
40–70 Hz is used to minimise high-frequency noise [4].

The eminent organization of the paper is as follows: The backdrop for
EEG Signal Denoising is explained in Section 2. Section 3 is devoted to an
overview of significant denoising techniques, such as the wavelet transform.
Section 4 describes the proposed method for EEG signal denoising based on
Fourier Transform Magnitude Response Derivative Functions (FTMDF). The
Simulation methods and materials utilised are described in Section 5.

2 EEG Signal De-Noising

Due to very low in amplitude, EEG signals are prone to artifacts and noise
[5, 6]. The noise could be generated by electrodes or by the body itself. The
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noises in EEG signals are known as artifacts, and these artefacts must be
removed from the original signal in order to properly analyse EEG signals [7].
The artefacts in the EEG signals were removed using a variety of denoising
techniques.

ICA denoising [8], PCA method of denoising [6], Wavelet based denois-
ing [7], Wavelet packet based denoising, and so on are some of the approaches
that can be used to remove noise. All of the following approaches can be
used to denoise EEG signals, and their performance can be measured using
measures such as MSE, MAE, SNR, PSNR, and NCC, among others. The aim
of this study is limited to the removal of random noise only and the authors
coming work concentrates on the artifact removal.

The authors of this work looked into the usage of first and second order
Magnitude derivative functions derived from the Fourier Transform (FT)
Magnitude response for EEG signal spectrum estimation. The utilisation of
FT phase information from polluted EEG signals is exploited for EEG signal
denoising. The proposed method’s findings are compared to those of the
Fourier Transform and Wavelet Transform EEG signal enhancement meth-
ods. From the results presented here it is proved that this method reduces the
spikes produced due to noise in the spectrum compared to Fourier Transform
spectral estimation and to denoise the EEG signals in removing the random
noise and for feature estimation of the EEG signal.

Using this strategy, the additive noise in the spectral estimate produced
from a single realisation of the observation peak is considerably decreased.
This method works even at extreme noise levels (SNR = 0 dB or below).

3 Different EEG Signal Denoising Methods

The following is an overview of the numerous approaches for removing noise
from EEG signals that can be implemented.

3.1 Denoising Based on Principle Component Analysis (PCA)

PCA is a mathematical approach for turning a set of correlated variables
into a set of uncorrelated variables called principle components [6]. Eigen
analysis is a method for determining the Eigen values and eigenvectors of a
square symmetric matrix with sums of squares and cross products, which is
used in PCA.

The eigenvector of the first main component points in the same direction
as the eigenvector of the largest Eigen value. The eigenvector associated
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with the second highest Eigen value determines the direction of the second
principal component. The sum of the Eigen values equals the trace of the
square matrix, and the maximum number of eigenvectors equals the number
of rows (or columns) in the matrix [7, 8].

Theoretically, PCA is described as an orthogonal linear transformation
that turns data into a new coordinate system with the largest variance on the
first coordinate (called the main principal component), the second greatest
variance on the second coordinate, and so on [9, 10].

3.2 Denoising Based on ICA

The ICA method of denoising is another major method for denoising the EEG
signal. Hyvarinen and his CO colleagues devised an ICA-based denoising
approach [8, 11, 12]. The underlying justification for this method is that many
signals’ ICA components are generally quite sparse, making it difficult to
remove noise in the ICA domain.

3.3 De Noising Based on WAVELET

A time-limited oscillating vanishing wave with the ability to characterise the
time-frequency plane with atoms of different time supports is referred to as a
“wavelet” [8]. Wavelets are built with specific properties in mind that make
them effective for signal processing in general.

They’re an excellent tool for analysing non-stationary or transitory occur-
rences [13–15]. Wavelet thresholding is used to split the signal into high and
low frequency components. Based on the signal properties, a suitable thresh-
old value is chosen. There are two thresholding methods: Hard Thresholding
and Soft Thresholding, after which the wavelet that decomposes the sign is
chosen.

Only low pass, or approximation coefficients, are subjected to the wavelet
transform. The authors limit themselves to using Stationary Wavelets to
denoise noisy EEG signals in this study, and compare the results to their
suggested FT magnitude response derivative functions.

3.4 Denoising Based on WAVELETPACKET

Wavelet packets are linear wavelet combinations. They serve as the foun-
dations, preserving many of the orthogonality, smoothness, and localization
properties of their parent wavelets [16]. The coefficients are obtained by
making the newly computed wavelet packet coefficient sequence the root of
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each analysis tree. The Wavelet Packet Transform is used on both detail and
application data.

4 Fourier Transform Magnitude Response Derivative
Functions (FTMDF) For EEG Signal Denoising

In this paper the authors have proposed the first and second order derivative
functions of the magnitude response of the FT. The proposed methodology is
applied for EEG signal spectrum estimation and EEG signal denoising. Using
the proposed scheme, the enhancement of the EEG signals contaminated with
random noise yields very good results in terms of the standard performance
metrics.

The results obtained from the proposed method are compared with that of
Fourier Transform and Wavelet Transform EEG signal enhancement meth-
ods. From the results presented here it is proved that this method suppresses
the spikes generated due to noise in the spectrum compared to Fourier
Transform spectral estimation and to denoise the EEG signals in removing
random noise and for feature estimation of the EEG signal. Additive noise
is significantly reduced even in the spectral estimate obtained using a single
realization of the observation peak. This method works even for high noise
levels (SNR = 0 dB or less).

The goal is to investigate how the derivative functions of the magnitude
response of the Fourier transform may be used to estimate spectrum and
denoise the EEG signal. The presented approach is based on the I-Order and
II-Order derivatives of the Fourier Transform magnitude response function,
in the same way that spectrum estimation based on the properties of the
negative derivative of the FT phase function, also called group delay function
[17–19].

It is also demonstrated that, the I-Order and II-Order Derivatives of
the magnitude response functions of the Fourier Transform can be used to
denoise the noisy signal by exploiting the FT phase of the noisy signal.
The proposed method will suppress the noise peaks of a high order and
that indicates the proposed FT magnitude derivative functions yield high
resolution properties.

The sharpness of the peaks [18] in spectrum estimation of the FT magni-
tude derivative functions is referred to as resolution. The Fourier Transform
Magnitude Derivative Function (now called FTMDF) is an important feature
that can help improve signal quality in noisy settings, according to the
findings [20].
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The requirement for a group delay function will be shown in many appli-
cations as a result of past research. Voice perception has now highlighted the
importance of the phase of the speech signal [21, 22]. A new function called
complex I-Order and II-Order Group delay spectrum estimation functions
based on the derivatives of the FT phase has been proposed for spectrum
estimation [23] and the Group delay estimations are successfully applied for
sinusoids in noise to extract useful spectral information.

4.1 Fourier Transform Magnitude Derivative Functions (FTMDF)

The I-Order and II-Order FTMDFs are obtained by taking the I and II
derivatives of the Magnitude response of the Discrete Time FT as presented
below

X(ω) =
∑
n

x(n) ∗ e−jωn (1)

X (ω) is a function of magnitude and phase response and is expressed as:

X(ω) = |X(ω)|ejΦ(ω) (2)

here |X(ω)| =
√
X2

R(ω) +X2
I (ω)

Φ(ω) = Tan−1

(
XI(ω)

XR(ω)

)
The I-Order FTMDF and II-Order FTMDF are given by

FTMDF-I =
d|X(w)|
dw

(3)

FTMDF-II =
d2|X(w)|
dw2

(4)

By considering the derivative of the magnitude response |X(w)| w.r.t
frequency we get

d|X(w)|
dw

=
dXR(w)

dw XR(w) +XI(w)dXI(w)
dw

|X(w)|
(5)

Exploiting the properties of the FT and defining the derivatives we get

dXI(w)

dw
= −Y R(w) (6)

dXR(w)

dw
= YI(w) (7)
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The Equation (5) becomes

d|X(w)|
dw

=
XR(w) ∗ YI(w)−XI(w)∗Y R(w)

|X(w)|
(8)

Similarly the Second derivative of the FT magnitude function is derived
by incorporating the similar arguments mentioned above and after some
algebraic manipulations it is given as

d2|X(w)|
dw2

=

[{XR(w)Y R(w) + YI(w)XI(w)}2
−{X2

R(w) +X2
I (w)}{ZR(w)XR(w) + ZI(w)XI(w)}]

|X(w)|3
(9)

here

dYR(w)

dw
= ZI(w) (10)

dYI(w)

dw
= −ZR(w) (11)

where,

XR = Real part of the FT of x(n)
YR = Real part of the FT of y(n) = nx(n)
XI = Imaginary part of the FT of x(n)
YI = Imaginary part of the FT of y(n) = nx(n)
ZR = Real part of the FT of z(n) = n2x(n)
ZI = Imaginary part of the FT of z(n = n2x(n))

The denoised signal can be constructed back using the FTMDF-I and
FTMDF-II functions in Equations (8) and (9) and using the FT phase. The
phase selected in this work is the FT phase of the noisy signal under the
assumption that the phase change for noisy and clean signal is negligible.
Therefore the reconstructed signal will be the inverse FT and is given by

x(n) = IFFT[X(w)] (12)

where
X(w) = |X(w)|ejΦ(w) (13)

In Equation (13), |X(ω)| is the magnitude response of the filter obtained
from the FTMDF-I and FTMDF-II functions using equations Equations (8)
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and (9). Φ(ω) is the FT phase response function of the noisy signal and ω is
frequency measured in radians/sample and is given by.

wk =
2Πk

N
(14)

For computational efficiency FT is evaluated for the discrete signal x (n)
using FFT algorithm. Hence the transforms are given by, X(w) = FFT [x(n)];
Y (w) = FFT [y(n)]; Z(w) = FFT [z(n)] and N is the DFT length satisfying
the FFT algorithm. In evaluating the FTMDFs this work follows the cepstrum
smoothing for the denominator terms of the magnitude response |X(w)|by
taking log |X(w)|to avoid small values of the magnitude response [24] and to
avoid large peaks in the derivative functions.

4.2 Simulation Model

The steps involved in the simulation model are presented below. A random
noise signal, with different SNRs with respect to the simulated clean signal is
added to for noisy simulated EEG signal. The amplitude and frequency levels
of simulated signal are selected with frequencies−0.8 Hz, 6 Hz, 10 Hz, 24 Hz
and four different amplitude levels 7 uV, 10 uV, 50 uV, 75 uV in accordance
with the real EEG signal collected from data base from Bonn University.
Noise SNR can be varied with−10 dB,−5 dB, 0 dB and 5 dB, to evaluate the
performance metrics of the proposed methods. The enhanced EEG output of
the proposed FTMDF-I and FTMDF-II methods is compared with the EEG
signal Enhancement using SWT denoising procedure and presented in the
Table 1. The step wise procedure to implement the proposed EEG signal
Enhancement is presented below.

4.3 Step Wise Procedure

1. Generate the signal with four different frequencies and amplitudes in
resemblance with the EEG signal containing the four wave forms

2. Generate the Gaussian random noise with known SNR as a function of
the simulated signal in step-1.

3. Generate the noisy Simulated EEG signal using the signals generated in
Step-1 and Step-2.

4. Denoise the signal generated in step-3 using Equations (8), (9) and
Equations (2), (12).

5. Perform denoising using Stationary wavelet transform.
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6. Compute the FTMDF-I, FTMDF-II and FT magnitude spectrums using
Equation (8), (9) and with phase in Equation (2)

7. Compute the performance evaluation metrics viz MSE, MAE, SNR,
PSNR and NCC.

8. Plot the Clean, Noisy and Denoised signals with different using the
procedures in Step-4 and Step-5.

9. Plot the magnitude spectrums using the procedures in step-6.
10. Display the performance metrics for the above methods.
11. Repeat the above steps new SNR value of the Noise generation in step-2.

The above steps are repeated for the practical EEG signal by replacing
step-1 with practical signal instead of simulated signal.

5 Methods and Materials

5.1 Database

To explore EEG signal denoising, the proposed work uses EEG recordings
from Bonn University in Germany, which are available in the public domain
[25–27]. The datasets are divided into five sets (A–E), each of which contains
100 single channel EEG segments. For 23.60 seconds, each segment has
N = 4096 sample points.

Entire EEG signals are documented with the same as one hundred twenty
eight channel amplifier systems & twelve bit analog to digital resolution,
which the sampling rate of the data was 173.61 Hz, & spectral bandwidth
(BW) of the acquisition system is in between 0.5 to 85 Hz of frequency.
All the selected segments are cut from the ceaseless multi-channel EEG
recordings after visual inspection for artifacts like eye movements and muscle
activity etc.

Set A and B are recorded when they are in normal state. Sets A and B have
been recorded from external surface EEG recordings of 5 healthy people in
the morning position with eyes open and closed states.

Set D was recorded in the epileptogenic zone, while set C was recorded
in the opposite hemisphere of the brain’s hippocampal formation. During a
seizure, Set E was recorded. The depth electrodes of EEG recordings from
5 unwell people were used to create sets C, D, and E. Sets A and B were
recorded while in a normal state. EEG signal samples from five sets. The
sample recordings of EEG signals obtained from five sets A–E using matlab
program was seen in Figure.1 and the detailed explanation of the data sets are
taken from the reference [25].
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Figure 1 Sample Recordings of EEG Data Sets A, B, C, D and E.

5.2 Simulated and Real Data Results

The Simulation and raw data analysis using the proposed methods are imple-
mented using MATLAB R2012a from Math Works. The simulated signal
noisy signal is applied to the proposed algorithms FTMDF-I and FTMDF-
II with different SNRs and tabulated in Table 1. The simulation results for
the enhancement of EEG signal in terms of standard performance metrics
using FTMDF-I, FTMDF-II are tabulated in Table 1 and Wavelet denoising
schemes and Table 2 shows the results for the enhancement of real EEG
signals using Datasets collected from Bonn University [25] shown in Fig-
ure 1. Standard performance metrics like MSE, MAE, SNR, Normalized
Correlation Coefficient (NCC) & PSNR have been used for the analysis.
From the Table 1 it is found that FTMDF-I and FTMDF-II algorithms outper-
forms compared with Wavelet method with an average SNRs improvements
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Table 1 Simulated noisy EEG signal enhancement performance metrics

Input Noise dB Method MSE MAE SNR dB PSNR dB NCC

−10 FTMDF-I 0.127 0.287 2.075 8.960 0.619

FTMDF-II 0.051 0.177 6.021 12.906 0.866

WAVELET 0.130 0.294 1.962 8.848 0.637

−5 FTMDF-I 0.086 0.242 3.760 10.645 0.762

FTMDF-II 0.040 0.152 7.085 13.971 0.902

WAVELET 0.117 0.280 2.443 9.328 0.730

0 FTMDF-I 0.083 0.238 3.911 10.796 0.789

FTMDF-II 0.044 0.163 6.643 13.528 0.896

WAVELET 0.121 0.284 2.285 9.170 0.769

5 FTMDF-I 0.091 0.248 3.524 10.409 0.783

FTMDF-II 0.049 0.174 6.194 13.080 0.875

WAVELET 0.139 0.303 1.682 8.568 0.781

Table 2 Real EEG signal enhancement performance metrics with 0-dB input noise

Input Noise dB Method MSE MAE SNR dB PSNR dB NCC

SET-B FTMDF-I 0.046 0.170 3.385 13.274 0.756

FTMDF-II 0.130 0.289 −1.093 8.797 0.572

WAVELET 0.123 0.280 −0.834 9.056 0.296

SET-C FTMDF-I 0.044 0.165 2.072 13.029 0.743

FTMDF-II 0.105 0.266 −1.748 9.209 0.557

WAVELET 0.045 0.164 1.950 12.907 0.694

SET-D FTMDF-I 0.034 0.147 −1.629 14.741 0.689

FTMDF-II 0.045 0.171 −2.946 13.425 0.685

WAVELET 0.029 0.114 −0.982 15.388 0.806

SET-E FTMDF-I 0.050 0.177 2.247 11.398 0.690

FTMDF-II 0.100 0.255 −0.746 8.405 0.520

WAVELET 0.149 0.303 −2.508 6.643 0.226

of 3.317 dB, 8.644 dB, and 2.791 dB respectively. The proposed FTMDF-
I and FTMDF-II also outperform in the case of other metrics as presented
in Table 1. In the case of real data this work adds the 0 dB random noise
to the real data sets before applying the proposed FTMDF-I and FTMDF-II
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Figure 2 Enhanced Simulated EEG signal with input noises −10 dB, −5 dB, 0 dB, 5 dB
and amplitudes of 7, 10, 50 and 75 µv with frequencies f1 = 0.8; f2 = 6; f3 = 10; f4 = 24 Hz.

algorithms as described in the step wise procedure. Table 2 shows the outputs
of the proposed algorithms.

From the Table 2 it is observed that the proposed methods show
improvement when compared with Wavelet based denoising method but the
improvement is limited in the case of FTMDF-II. The reason may be inferred
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Figure 3 Enhanced simulated EEG signal magnitude spectral with input noises of −10 dB,
−5 dB, 0 dB, 5 dB from top to bottom with amplitudes of 7, 10,50 and 75 µv and frequencies
f1 = 0.8, f2 = 6, f3 = 10, f4 = 24Hz.
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Figure 4 EEG signal data sets B,C,D and E with 0 db noise.

that, this work concentrates only on the removal of random noise in the
signal but not on the artifact removal. Figures 2 and 3 presents the simulated
denoised signal and the spectra produced using the proposed methods. From
the Figure 2 it is observed that the proposed methods produced the denoised
signal which is comparable with the clean signal. From the Figure 3 it is
observed that the spectra obtained using the proposed methods have been
compared with the spectrum produced with Fourier Transform. The Spectra
produce with the proposed schemes are very clean when compared with
the FT spectrum which is very much useful in feature identification and
extraction. Similar observation can be made to the real data spectra presented
in the Figures 4 and 5.
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Figure 5 Real EEG signal from top to bottom B,C,D and E magnitude spectral with 0 db
input noise.

6 Conclusion

Two denoising methods have been proposed for EEG denoising and spec-
trum estimation. The signals were denoised using the proposed algorithms
FTMDF-I and FTMDF-II and for comparison Wavelet method is used. The
signals with higher PSNR, SNR & low MSE are less noisy signals. The
various evaluation metrics like MSE, MAE, SNR, PSNR, and NCC of the
proposed FTMDF-I and FTMDF-II yield very good results and are bitterly
used to denoise the EEG signals and to estimate the features of EEG signals.
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