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Abstract
Noise reduction methods have a great impact on the performance of all EEG signal processing systems. The work involves
the reduction in impulsive interferences. It is impossible to suppress effectively such a noise using linear filtering approach.
The work presents the properties of a cascaded filter based on the ordered weighted aggregation (OWA) operator and its
application to improve the electroencephalogram (EEG) signal. The OWA operator is a class of mean-like aggregation
operators. By introducing a nonlinear sorting process and by assigning appropriate values of weights to the sorted samples,
the improvement in filtering in the impulsive environment is achieved. The structure of the proposed cascade consists of two
layers. The first layer contains two OWA filters that share a certain number of signal samples. The second layer averages the
outputs of the first layer. The algorithm for the rise of filtering efficiency has been introduced. The performance of the new
method has been experimentally compared with the traditional methods of impulsive noise reduction, using synthetic as well
as real signals from the CHB-MIT database. The obtained results demonstrate that in the field of impulsive noise suppression
and preprocessing, the proposed cascaded OWA filter brings about a significant improvement in the signal-to-noise ratio.

Keywords EEG signal · OWA operator · Cascaded filter · Robust filtering

1 Introduction

Smoothing of biomedical signals should be carried with par-
ticular attention. The requirement for efficient suppression
of noise must be reconciled with the least possible effect of
filtration on the signal. Special attention should be given to
the filtering of such waveforms as the electroencephalogram
(EEG) signal. EEG is a recording of the electrical activity
of the brain from the scalp. The recorded waveforms reflect
the cortical electrical activity. It is an invaluable measure-
ment aimed to assess brain activities in terms of information
relating to different physiological states of the brain. EEG
waveforms allow us to explore non-invasively the electrical
activity of the brain. It has been used as a valuable source of
information for clinical diagnoses and monitoring, cognitive
science as well as the development of new brain–computer
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interfaces (BCI). However, it is very important to process
reliable signals. The sharpness of the EEG signal must be
retained efficiently during the preprocessing stage, but any
artefacts or outliers that appear in the signal should be effec-
tively suppressed [1]. EEG signals are contaminated with
various artefacts, such as signals associated with muscle
activity, eye movements and blinks, body motions or power
grid noise, which are not of cerebral origin [1,2]. These types
of disturbances appear as high-amplitude or high-frequency
bursts of activity and look like impulsive types of noise,
whereas brain activities have generally lower energy than
artefacts.

The first step of the EEG signal analysis is a preprocessing
stage which consist of two processes such as artefact removal
and data filtering. Artefacts may be triggered by various fac-
tors such as head motion during signal acquisition, physical
problems in the electrode/channel/lead or connectivity prob-
lems between the head and the device. These noises create
also abnormal frequencies and shapes. Numerous signal pre-
processing methods have been proposed for the suppression
of noise affected by eye movements or muscle activity. Low-
and high-pass filters are commonly applied to remove mus-
cle artefacts and drift, respectively. However, the spectral
pattern of noises usually overlaps brain signals [3]. The use
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of frequency methods brings about the removal the noises
but also the removal of informative parts of the EEG sig-
nal. Recently, advancedmachine learningmethods have been
developed to deal with the artefacts. They include suchmeth-
ods as independent component analysis (ICA), canonical
correlation analysis (CCA) [3], discrete wavelet transform
(DWT), empirical mode decomposition (EMD) or cascaded
Savitzky–Golay filter [1,2,4]. Neurologists have been work-
ing on the interpretation of EEG signals, but there are a few
cases when real-time monitoring or automatic interpretation
is particularly important. For that reason, the acquisition of
a high-quality EEG signal from background interferences is
an incentive to look for clear, reliable and effective methods
of noise suppression. An important requirement underlying
the interpretation of the registered brain activity involves
proper signal quality. A common way to reach this objec-
tive consists in recording the EEG in a shielded laboratory
and in preparing the subjects’ skin to reduce the electrode–
skin impedance before the electrodes are placed. However,
these standard procedures limit the accessibility of an EEG
device and narrow down its application outside the labora-
tory [5]. The challenge is to design a filtering method which
can ensure the highest quality and low computational effort
for possible wearable EEG devices.

The main objective of the work is to demonstrate the
structure and properties of the cascaded filter based on the
ordered weighted aggregation (OWA) operator and the appli-
cability of the cascade OWA-based filtering in enhancing
the SNR during the preprocessing of the EEG signal. All
the considered filters are based on the moving data window.
The outline of the paper is as follows. The fundamentals of
OWA operators are described in Sect. 2.1. The proposed cas-
caded OWA (COWA) filter and its properties are presented
in Sect. 2.2. Numerical experiments, results and compar-
ison are presented in Sects. 3 and 4. Section 5 provides
conclusions.

2 Methods

2.1 OWA filters

OWA operators were introduced by Yager [6], and they have
been subjected to numerous research studies [7–10]. The
forecastingmodel involving the distribution of electric power
load is investigated in [7]. Different aggregation of OWA
operators is presented in [8]. The methods of data smooth-
ing are described in [9], whereas the application of OWA
operator for noise suppression in ECG signal processing is
presented in [10]. Smoothing is an operation which removes
high-frequencyfluctuations froma signal. It can be expressed
as

yi = 1

2N + 1

N∑

i=−N

xi , (1)

where xi denotes a discrete input signal and yi is a signal after
low-pass filtering. The parameter N specifies the observation
window length equal to M = 2N + 1 as well as the filter
low cut-off frequency. Equation (1) defines the well-known
moving average filter. In spite of its simplicity, the moving
average filter is optimal for common problems: reducing ran-
dom noise while maintaining a sharp step response. This
makes it the premier filter for time-domain signals.

As to the aggregation aspect of data smoothing, the
OWA operator describes a family of averaging operators
parametrized by its weighting vector [7]. For a fixed normed
weighting vector w = [w1, w2, . . . , wM ] ∈ [0, 1]M and∑M

i=1 wi = 1, the related OWA operator is given by [6,8,9]

OWA (x1, x2, . . . , xM ) =
N∑

i=−N

wi x(i), (2)

where (•) : {1, . . . , M} → {1, . . . , M} is a permutation sat-
isfying x(1) ≤ x(2) ≤ · · · ≤ x(M) and M = 2N + 1. Though
this permutation need not be unique (in the case of some
ties), formula (2) yields the same result for any acceptable
permutation [8]. The OWA operator is parametrized by the
selection of weights. If wi = 1/M, i = 1, . . . , M , i.e. if
constant weights are used, then the OWA filter is a simple
average [7]. In [9], several parametrized families of OWA
operators were suggested for aggregation of time series data.
It is important to emphasize that the weights are associated
with a particular ordered position of sample rather than a
specified element [7].

The necessity of signal smoothing, enhancing or preserv-
ing the shape of a signal in the cases when impulsive noises
appear involves the application of a robust method as the
only alternative to linear filtering. The considered problem
of the OWA filter output is related to the filtering process of
a time series xi using a sliding window. The output yi can be
interpreted as an OWA based on the input samples [11]

yi = OWA(xi−N , . . . , xi , . . . , xi+N ;w), (3)

where w is the vector of weights and M = 2N + 1 stands
for filter window length. The operation of the filter given
by Eq. (3) is as follows. First, the samples in the observation
windoware sortedwith respect to their values (rank-ordered).
Then, the outliers are located at the ends of the observation
window. Next, the weighted averaging operator is applied.
This operation may be interpreted as an aggregation of
knowledge about noise included in the samples [10].

The filtering requirements enforce that the selection of
weights should be done with a special care. In the case
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of a simple average, the weights wi are equal to 1/M for
i = 1, . . . , M . Such a window function has crisp bound-
aries. After nonlinear operation, i.e. the ordering of samples
xi , the resulting value of the OWA filter output is affected
by the outlier(s). It seems to be more reasonable to use the
window function with a soft transition between the inclusion
and exclusion of the input signal samples [10].Manywindow
functions fulfil such requirements. It means that the impact
of an outlier on the output value will be small, and the impact
of the remaining samples will increase. The overview of the
weighted window functions for OWA filters is presented in
[11]. For aims of thiswork, theGaussianweighted function is

used according to the following formula wi = exp
(
− i2

2σ 2

)
,

where σ is the standard deviation. The tail of the Gaussian
window decays rapidly, and the corresponding weight values
are small at the ends of the window. The outlier samples after
nonlinear operation of sorting are placed at the ends of the
data window, and it results in a greater impact of the samples
in the middle of the data window on the output value of the
OWA robust filter [11].

2.2 Cascaded OWA filter

The idea of a cascaded OWA filter comes from the cascaded
moving average (CMA) filter presented in [12]. The CMA
filter is a hierarchical model that combines two moving aver-
age filters placed one after the other. The first layer of the
cascaded filter contains an M-order and an N -order moving
average (MA) filters. However, in this structure K -samples
are common for these two moving average filters. There are
samples that overlap at the end of the M-order MA filter as
well as at the beginning of the N -order MA filter. The objec-
tive of the second layer of the CMA filter is to smooth the
piecewise linear trends obtained from the outputs of the two
MA filters in the first layer. Finally, the output of the CMA
filter is the average value of both MA filters from the first
layer [12].

The cascaded OWA (COWA) filter is based on the idea
of the CMA filter, and the structure of the COWA filter is

Fig. 1 Structure of the proposed cascaded OWA filter

presented in Fig. 1. The first layer consists of two OWA fil-
ters. (However, it can also consists of more than two OWA
filters; for simplicity, only the case of two OWA filters is
considered.) The symbols �M and �N denote two OWA fil-
ters of the order (length), respectively, M and N defined by
Eq. (2). The weight vectors wM = [wM

1 , wM
2 , . . . , wM

M ] and
wN = [wN

1 , wN
2 , . . . , wN

N ] are determined with the help of
the window weighted functions presented in [11]. The two
input windows have the common part of K samples satisfy-
ing the following condition 0 � K � M and 0 � K � N .
There are overlapping samples at the end of the M-order
OWA filter as well as in the beginning of the N -order OWA
filter. The objective of the second layer of the COWA filter
is to smooth the outputs of two OWA filters in the first layer.
Finally, the output of the COWA filter is given as

yi = w21 · yi,M + w22 · yi,N , (4)

wherew21,w22 are the weights in the second layer of COWA
filter, and they satisfy the following condition: w21 + w22 =
1, and yi,M , yi,N are the outputs of the OWA filters in
the first layer. For simplicity, we assume in the work that
w21 = w22 = 1

2 . However, the operation presented byEq. (4)
can be regarded as a special case of the OWAoperator (a sim-
ple average value), and different OWA operators can be also
applied. The second assumption is that M = N . As a result,
the symmetry between the outputs of the first layer of the
COWA filter is achieved.

3 Numerical experiments

3.1 Selection of number of overlapping samples

The number of the overlapping samples K satisfies the fol-
lowing condition: 0 � K � M and 0 � K � N . When
there are no overlapping samples (K = 0), the first layer
of the OWA filters produces two shapes that are shifted in
time domain with respect to each other by M samples. As a
result, the output of the COWA filter is the average signal of
these two components. The case of full overlapping (K = M
or K = N ) results in two identical signal components (for
M = N ), and then, the output of the proposed COWA filter
is the same as that in the single OWA filter. However, it is
necessary to select K between these two limit cases.

To verify the influence of K value selection, an artifi-
cial EEG signal was used. It was generated according to the
mathematical description given in [1]. The obtained compos-
ite waveform contains typical variabilities of the EEG signal
[1].

Additionally, the artificial input signal was disturbed by
the Gaussian noise. The signal-to-noise ratio (SNR) was
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Fig. 2 Mean value of MSE for different levels of noise a P = 0.1%, b P = 0.5%, c P = 1%
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Fig. 3 Mean value of GNRF for different levels of noise a P = 0.1%, b P = 0.5%, c P = 1%

equal to SNR = 10 log
σ 2
d

σ 2
ν
, where σ 2

d is the variance of the

uncorrupted signal and σ 2
ν is the variance of the observa-

tion noise. The impulsive noise ζi is usually modelled as a
Bernoulli–Gauss (BG) process, i.e. ζi = ωi · εi , where ωi

is a Bernoulli process with the probability density function
described by P(ωi = 1) = P and P(ωi = 0) = 1 − P ,
and εi is a Gaussian process with zero mean and variance
σ 2

ε = κ · σ 2
n , κ � 1 and σ 2

ν = σ 2
n + Pσ 2

ε = (1 + Pκ)σ 2
n ,

where σ 2
n = 1 is the variance of zero-mean Gaussian noise

and κ = 10 [13]. The results of filtering operation are eval-
uated by the geometric noise reduction factor (GNRF)

GNRF = exp
(∑

i log |xi − si |
)

exp
(∑

i log |yi − si |
) , (5)

where si is the desired signal, xi − si is the noise added, yi
is the result of filtering and yi − si is the residual noise.

The testing procedurewas the following. For each value of
P (P = {0.1%, 0.5%, 1%}) in the Bernoulli–Gauss model
of impulsive noise and for each value of the SNR (SNR=
{0 dB, 5 dB, 10 dB, 20 dB}), 100 corrupted EEG signals
were generated. The mean square error (MSE) between the
deterministic and the filtered signals as well as the GNRF

factor was calculated for each result of filtering with the
proposed COWA filter. Finally, the mean value of MSE and
GNRF was calculated. The parameter K , which determines
the overlapping, was searched in the set {0, 1, . . . , N }. In
the simulation N = M = 11. The width of the Gaussian
weighted function (in the MATLAB environment) is con-
trolled by the coefficient υ which is inversely proportional to
the standard deviation σ and σ = (M − 1)/(2υ) where M is
the length of the Gaussian weighted function. The COWAfil-
ter was usedwith υ = 4.5. The obtained results are presented
in Figs. 2 and 3.

The case P = 0.1% represents the highest level of impul-
siveness, i.e. a relatively high probability of outliers to occur,
whereas for P = 1% the level of impulsiveness is relatively
low.TheCOWAfilter leads to almost the samevalues, respec-
tively, for MSE and GNRF, for all values of P . The largest
differences are in the case of the lowest value of SNR (0dB)
and for larger values of the number of overlapping samples K
for MSE factor. For higher SNR, differences between MSE
values are smaller. The impact of the selection of K is partic-
ularly clear for the GNRF factor (see Fig. 3) for the highest
SNR (SNR=20dB), especially for odd values of K . This
results in the acquisition of a symmetrical number of sam-
ples around the i-th sample. For that reason, K should be
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an odd number. It can be noticed that the smallest values of
MSE as well as the highest values of GNRF are achieved by
the COWA filter, but for a different number of the overlap-
ping samples K . For lower value of SNR, the smallest values
of MSE (see Fig. 2) are obtained for K = 1, whereas for a
higher value of SNR K tends to M (or N ), but K should not
reach the case of full overlapping (K = M or K = N ).

Similar observations can be made for GNRF. Its highest
value is achieved in the case of lower SNR and for a small
number of overlapping samples. If SNR is higher, thenGNRF
is higher for larger K (seeFig. 3).When K is even, theCOWA
filter response is shifted in the time domain by half of a
sampled periodwith respect to the desired signal. This causes
theGNRF to oscillate. In the case of odd K , the filtered signal
is not affected with this problem. The above observations can
be useful when selecting the COWA filter parameters.

3.2 Tuning of the width of the weighted function

The results presented in Figs. 2 and 3were obtained for a rela-
tively large value of the υ parameter of the Gaussian window.
In effect, not only the outliers are “rejected”, but also “ordi-
nary” samples can be suppressed. To avoid such situations
and to allow for the decrease in υ value when the impulsive-
ness level is smaller, the following algorithm is proposed.

In this case, the applied noise estimator is themedian abso-
lute deviation (MAD), which defines the standard deviation
of noise as

τA = 1.4826 · median{|xi − median{xi }|}|Li=1, (6)

where L is the signal length and the factor 1.4826 makes the
MAD scale an unbiased estimate of the standard deviation
for the Gaussian data. The value τA can be comparedwith the
locally estimatedMADvalue τi forM+N−K samples in the
filter moving window according to the following condition

∀
1≤i≤L

υ =
{
A, if τi � τA

B, otherwise,
(7)

where A, B are constants (A < B) and L is the signal
length. The locally calculated τi is a simple outlier detec-
tor. If there are no outliers, τi is smaller than τA, but when
the outliers are present, τi exceeds τA. In such a case, the υ

value should be larger to suppress the outliers more effec-
tively. Figure 4 presents an example of the artificial EEG
signal (SNR=10 dB) disturbed by an impulsive noise (upper
plot) and the changes in τi in the bottom plot. The surpassing
of the threshold τA by τi leads to the change in the width of
the Gaussian weighted function according to the condition
(7). In this work, A = 4.5 and B = 6.

0 1000 2000 3000 4000 5000 6000 7000−50

0

50

am
pl

itu
de

0 1000 2000 3000 4000 5000 6000 70000

5

10

time index i

a.
u.

Fig. 4 An example of artificial EEG signal (upper plot) and the changes
in the locally estimated τi across the signal (bottom plot) and the refer-
ence level (dotted line) of τA for the signal samples

3.3 The real EEG signals

To test the proposed COWA filter, 40 signals from 5 young
subjects (age ranging from 1.5 to 22years) from the CHB-
MIT database were used. This database consists of EEG
recordings from paediatric subjects with intractable seizures
[1,14]. To evaluate the quality of filtering, the SNR improve-
ment factor was introduced

SNRimp = 10 log

( ∑
x2raw∑

(xraw − x f )2

)
[dB], (8)

where xraw is the raw EEG signal and x f denotes EEGwave-
form after filtering. The results are presented in Table 1. The
reference filters are: the median filter (MedFilt) and the cas-
caded Savitzky–Golay filter (casSGol). The parameters for
the evaluated filters are the following. The length of median
filter is 7; for the COWA filter, M = N = 4 and K = 3;
for the OWA filter, N = 4; and for the cascaded Savitzky–
Golay filter, the polynomial order is 8 and the length is 21.
The obtained results are presented in Table 1.

4 Results

Theconsidered signals contain seizure episodes thatmake the
filtering process more demanding for the proposed COWA
filter because it is designed to suppress impulses, and at the
same time, the certain kind of peaks are important and should
remain unchanged. The obtained results revealed the use-
fulness especially of the COWA filter for a given value of
parameter K . (Statistically, this filter yields the highest value
of SNRimp in 70% of the investigated cases of real wave-
forms.)When considering other cases, the highest SNRimp is

123



1170 Signal, Image and Video Processing (2019) 13:1165–1171

Table 1 Values of SNRimp [dB] for real EEG signals from CHB-MIT database. (The best results are bolded.) The channel number from the *.edf
file is given in brackets

Filter Channel

P7-O1(4) F3-C3(6) C3-P3(7) P3-O1(8) F4-C4(10) C4-P4(11) P4-O2(12) F8-T8(14)

chb01_03.edf

MedFilt 18.944 20.233 21.193 17.768 24.558 19.339 16.493 13.422

casSGol 21.681 24.531 23.801 21.391 27.446 23.402 18.046 15.855

OWA 20.362 21.738 21.828 19.982 22.971 20.919 17.544 15.030

COWA 22.188 25.505 24.524 21.975 27.954 24.173 18.273 15.938

chb02_16.edf

MedFilt 18.415 18.974 14.129 14.005 16.036 11.150 10.984 7.114

casSGol 20.826 21.866 17.643 17.499 18.795 13.831 13.669 9.941

OWA 19.116 20.139 16.213 15.999 17.503 12.860 12.710 9.286

COWA 20.519 22.176 18.531 18.270 18.784 14.149 13.992 9.956

chb03_01.edf

MedFilt 6.412 9.693 7.937 7.536 9.976 9.454 5.925 9.946

casSGol 8.688 12.380 10.763 9.475 12.274 11.872 7.924 12.383

OWA 7.855 11.633 10.048 8.526 11.469 11.056 6.976 11.643

COWA 8.271 12.237 10.709 9.045 12.049 11.664 7.426 12.188

chb05_06.edf

MedFilt 18.951 26.482 19.724 20.064 23.682 21.662 18.738 11.824

casSGol 21.574 29.055 22.789 22.621 26.357 23.813 20.496 13.962

OWA 19.696 24.384 20.667 20.529 22.952 21.031 18.602 12.939

COWA 21.608 29.207 23.228 22.740 26.777 23.822 20.328 13.522

chb08_02.edf

MedFilt 12.484 11.045 20.095 16.528 9.268 13.984 18.274 9.751

casSGol 15.3102 15.1277 23.5416 19.3996 13.2970 16.848 20.557 12.800

OWA 14.571 14.485 21.900 18.547 12.820 16.266 19.730 12.204

COWA 15.442 16.123 24.280 19.864 14.303 17.142 20.732 13.038

achieved by the cascaded Savitzky–Golay filter. This superi-
ority is especially evident for the subject chb03 and the fourth
recording. For other subjects and waveforms, the COWA fil-
ter outperforms the reference filters. The main advantage
of the proposed COWA filter is that it requires relatively
small numbers of samples to work properly. However, the
COWA filter performs two nonlinear operations. (The first
one involves sorting of samples.) The typical sorting com-
plexity varies from O(N log N ) to O(N 2), depending on the
used sorting algorithm. These operations can be carried out
using specialized devices like microcontrollers or the field-
programmable gate arrays (FPGA). An exemplary filtering
of the signal from the subject chb08_02 (channel F3-C3)with
the evaluated filters is presented in Fig. 5. In this case, the
highest value of SNRimp is obtained with the COWA filter.
In the proposed filter, it is also necessary to determine the
values of N , M , K and υ for Gaussian window weights. The
experiments and evaluation of filters were performed using
the MATLAB environment.

5 Conclusions

In the paper, the COWAfilter for EEG signal improvement is
proposed. It is based on a two-layer structure with two OWA
filters combined in a cascade in the first layer. The robust
COWA filter uses the ordered weighted aggregation operator
which is used on signal samples after nonlinear sorting oper-
ation. In this method, the signal samples are not rejected but
multiplied by appropriate weights calculated with the help of
the Gaussian weighted function. The numerical experiments
have proved that the amount of overlapping samples in the
filter windows has an evident influence on the effectiveness
of noise suppression. The tests of the proposed method were
carried out using a synthetic signal and real EEG signals
with seizure episodes. The results show the usefulness of the
impulsive noise filtering method with a smoothing phase.
The proposed COWA filter introduces the smallest distor-
tions to the filtered signal and guarantees the highest values
of noise reduction factor. For short-length windows in the
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Fig. 5 An example of filtering the EEG signal for subject chb08_02,
channel F3-C3. a Real EEG signal, b signal filtered with the COWA fil-
ter, c signal filtered with the cascaded Savitzky–Golay, d signal filtered
with the median

first layer, the COWA filter is much more useful for online
filtering than, for example, the cascaded Savitzky–Golay fil-
ter. The proposed filter can be adapted for wearable EEG
devices as the preprocessing stage. In future works this filter
can be extended to system of more complicated structure,
e.g. more than two OWA filters in the first layer.
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10. Łȩski, J., Henzel, N.: ECG baseline wander and powerline inter-
ference reduction using nonlinear filter bank. Signal Process. 85,
781–793 (2005)

11. Pander, T., Wróbel, J.: OWA aggregation operator in robust fil-
tering. In: 24th International Conference on Mixed Design of
Integrated Circuits and Systems, pp. 532–536. IEEE, Bydgoszcz
(2017)

12. Cai S.,Wu,Y.,Xiang,N., Zhong, Z., He, J., Shi, L., Xu, F.: Detrend-
ing knee joint vibration signals with a cascade moving average
filter. In: 34th Annual International Conference of the IEEE Engi-
neering in Medicine and Biology Society, pp. 4357–60 (2012)

13. Wen, P., Zhang, J.: Robust variable step-size sign subband adaptive
filter algorithm against impulsive noise. Signal Process. 139, 110–
115 (2017)

14. Goldberger, A.L., Amaral, L.A.N., Glass, L., et al.: PhysioBank,
PhysioToolkit, and PhysioNet: components of a new research
resource for complex physiologic signals. Circulation 101, e215–
e220 (2000)

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

123

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2018/5081258

	EEG signal improvement with cascaded filter based on OWA operator
	Abstract
	1 Introduction
	2 Methods
	2.1 OWA filters
	2.2 Cascaded OWA filter

	3 Numerical experiments
	3.1 Selection of number of overlapping samples
	3.2 Tuning of the width of the weighted function
	3.3 The real EEG signals

	4 Results
	5 Conclusions
	Acknowledgements
	References




