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Suppressing nonstationary noise present in biomedical signals is important to 
provide high-quality diagnoses. Nonstationary noise is difficult for removing 
due to its time-varying and previously unknown characteristics. The application 
of linear filtering to the electrooculograph (EOG) signals leads to the smoothing 
of diagnostically important rapid changes in a signal caused by saccadic eye 
movements. In this respect, for processing edges and other discontinuous transi-
tions, nonlinear filters based on robust estimators are more appropriate. The pa-
per introduces novel adaptive algorithms for real-time nonlinear filtering of non-
stationary noise in EOG signal with a noise- and signal-dependent filter switch-
ing, which is more appropriate for processing a local vicinity of the current input 
signal sample. One of the algorithms is based on myriad filters and sub-filter 
weighted FIR (which inite Impulse Responce) myriad hybrid filters. It suggests 

replacing the median with a myriad operation, calculated by Newtons numerical 
technique with adaptive switching of window length and linearity parameter set-
tings. The other algorithm adaptively switches sub-filter weighted FIR median 
hybrid and averaging filters with different window lengths, offering simpler cal-
culations and high-speed performance. These algorithms do not require time for 
filter parameters modification and their exact tuning during real-time signal pro-
cessing and a prior knowledge of the signal model and noise variance. Numeri-
cal simulations were conducted to evaluate the filtering quality based on criteria 
of mean-square error and signal-to-noise ratio for a model signal under different 
levels of Gaussian noise. The achieved results show good performance and algo-
rithm high quality for suppression of nonstationary noise in EOG. The myriad type 
adaptive algorithm prevails over the median in effectiveness but requires a nu-
merical technique for cost function minimization, however, myriad filtering real-
time implementation is possible with utilization of high-speed computers. Sug-
gested adaptive algorithms significantly improve the efficiency of nonadaptive 
filters. 

Keywords: electrooculographic signals, nonstationary noise, real time adaptive 
filtering.  
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Introduction 

Electrooculographic (EOG) signals arise from the electrically charged eyes de-

scribed with an equivalent dipole located within the eye with the positive charge in the 

cornea and the negative one in the retina [1]. The recording of eye movement biomedi-

cal signals is a relatively simple and nonintrusive procedure that does not cause discom-

fort or affect vision. It can be conducted over extended periods, both during the day and 

at night, and can even be performed remotely. The necessary equipment (electrodes, di-

rect current amplifiers) for recording the electrical activity around the eye is cost-

effective and affordable. The signals registration does not violate the natural conditions 

of oculomotor activity. These biomedical signals help diagnose the diseases and disor-

ders of the optokinetic and central nervous systems, brain, vision, as well as the influ-

ence of medicinal and narcotic drugs, alcohol, states of fatigue, etc. [2]. As well, the 

registration of EOG signals can be used for the eye movements artifacts subtraction in 

the electroencephalograms [3, 4]. 

Nonstationary noise contaminating biomedical signals is difficult for removing be-

cause its time-varying and previously unknown characteristics. Therefore, designing 

adaptive algorithms to attenuate nonstationary noise is an important task to be per-

formed. For EOG signal processing it is essential to preserve sharp («step-like») chang-

es caused by saccadic eye movements, which are smoothed by linear filtering [5]. The 

maximum speed of saccades, which is a very important diagnostic parameter [2, 6], can 

be significantly distorted as a result of smoothing. In this respect, the median [5–7], 

hybrid median [8–11], and myriad [12–16] filters, which effectively attenuate undesira-

ble noise, but retain diagnostic information in the step-like pulses, are more appropriate. 

However, linear averaging high-effectively suppresses white noise on the constant and 

linear parts of a signal [5, 17–19]. Therefore, the signal-adapting processing with com-

bining advantages of nonlinear and linear filters is reasonable. Such adaptive real-time 

processing can be provided by the so-called «locally-adaptive» algorithms of nonlinear 

filtering in a data sliding window for suppression noise in processes with different a priori 

unknown behavior of the information component [20–22]. These algorithms involve the 

so-called «local activity indicators» (LAIs) calculated for each signal sample, which 

simplystically estimate the local signal behavior to switch adaptively a more appropriate 

filter from the fixed set of relevant filter settings for processing the neighborhood of a 

current i-th signal sample.  

For nonstationary noise removal in the signals with different behavior of an in-

formative component, in particular for electrocardiographic and electronystagmographic 

biomedical signal processing, the locally-adaptive algorithms with a noise- and signal-

dependent switching filter settings were introduced [23–25]. In these algorithms, a filter 

set with more relevant window lengths is adaptively switched according to the pre-

estimated noise level and a more appropriate filter from the selected filter set is chosen 

by LAIs comparisons for processing a vicinity of the current input signal sample. The 

noise- and signal-dependent locally-adaptive filters prove to be efficient in preserving 

the rapid changes within the signal by refraining from filtering at very low noise levels. 

They also minimize dynamical errors resulting from filtering with small and medium 

window lengths at low and mean noise levels. Furthermore, these filters enhance noise 

attenuation by increasing the filter window length. The noise- and signal-dependent 

flexible window length adjustment during processing with none-filtering in case of 

noise absence initially was proposed in dynamic approximating algorithms [26–29], 

which apply linear Savitzky and Golay approximation [30], leading to sharp edge 

smoothing. In contrast to these algorithms [26–29, 31–33], the proposed locally-

adaptive algorithms with «hard» filter settings switching [23–25, 34–36] allow filtering 

with different properties, including nonlinear and linear estimation, to preserve sharp 

signal changes and other discontinuous transitions in a signal while ensuring efficient 

noise attenuation, in particular on linear sections of the signal. 
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The study is aimed to develop noise- and signal-adapting nonlinear filtering algo-

rithms for the purpose of removing nonstationary noise in EOG signals. The perfor-

mance of these algorithms will be evaluated and compared with other nonlinear filters 

that have been effectively used for similar signals. The paper has four sections. Intro-

duction presents the reasons for development of adaptive nonlinear filtering algorithms 

for nonstationary noise removal in the biomedical signals of eye movements. Section 1 

describes the methods used in the study. Subsection 1.1 describes some reference non-

linear filters which are effective for the considered biomedical signals and the suggested 

noise- and signal-adapting algorithms for nonstationary noise real-time filtering. Sub-

section 1.2 shows the way the experimental results were obtained and applied model 

signal, it also states the criteria for filtering quality assessment. In subsection 1.3, the 

adaptive filter parameters are specified. Section 2 performs some numerical experiments 

and discusses the efficiency of the adaptive filtering algorithms introduced. Subsection 2.1 

presents the statistical estimates of filter efficiency obtained by numerical simulations. 

Subsection 2.2 illustrates the input signal with highly nonstationary noise and the corres-

ponding output signals and residual noise after filtering, and the plots, displaying LAIs 

and adaptable parameters behaviour. 

1. Methods 

1.1. Filters under study.  

Nonadaptive filters. The following nonlinear filters have been used for compa-

risons: 

Median filter [5–7, 17, 18] that is the optimal M-estimate (maximum likelihood) 

for the exponential probability density function (PDF) of random sample ix : 

 1{ , , , , }Med
i i Niy median x x x ,  (1) 

where 1{ , , , , }i Nix x x  are input signal samples within the sliding window with 

length .N  The median filter is robust estimator with highly nonlinear properties [17, 18]. 

Myriad filter [12–16] that is optimal M-estimate for the Cauchy PDF: 

 2 2N
1 β i 1

ˆ{ , ..., , ..., ; } arg min log [ ( ) ]
Myr

i N i i i iiy myriad x x x K K w x β    ,  (2) 

where 1{ , , , , }i Nix x x  are input signal samples within the sliding window with 

length ;N  iK  is the linearity parameter of the myriad estimator, 0;iK   ̂  is the Cau-

chy PDF location estimate by the samples of a random variable 1{ } |Ni ix  .  

The myriad filter in the nonlinear operation mode (the linearity parameter K  is 

close to zero) has higher nonlinearity than the median filter, however, it requires more 

complex calculations. The nonlinearity of myriad filter properties depends on the linear-

ity parameter K . The myriad filter performs highly nonlinear properties (in particular, 

concerning step response [37, 38] at small K  values and tends to linear averaging when 

K  increases [12–16].  

Sub-filter weighted FIR (with finite impulse response) median hybrid filter [10, 11]:  

 1 0 0 1ˆ ˆ ˆ ˆ{ , 2 , , 2 , },
i i i i

SWFMH
i fw fw i bw bwy median x x x x x   ,   (3) 

where ix  is the center element inside the filter window; 
0

1
ˆ / ,

i

k
fw i jjx x k  0ˆ

ibwx   

1 /k
i jj x k  are the outputs of the FIR sub-filters which predict a current sample of the 

signal described by the zero-order polynomial (level estimates); 
1

1
ˆ

i

k
fw j i jjx h x  , 
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1
1

ˆ
i

k
bw j i jjx h x   are the outputs of the FIR sub-filters which predict a current out-

put signal described by the first order polynomial (ramp estimates); the zeroth and the 

first order FIR predictors which estimate output signal from k past («fw» denotes for-

ward prediction) and k future input signal samples («bw» denotes backward prediction) 

related to the current i-th sample within the sliding window with length 2 1N k  ; 

(4 6 2) / ( ( 1))jh k j k k     are the FIR coefficients for first order prediction, 

1, ...,j k  [8–11, 39];   is nonlinear weighting operator (duplication of an element by 

a given number of times). 

Sub-filter weighted FIR median hybrid filter preserves step and ramp edge, simul-

taneously suppressing noise in their vicinities with high efficiency. The first-order FIR 

sub-filters ensure the triangular signals preservation, while the standard FIR median hy-

brid filter [8–11, 17] introduces specific errors in extrema regions. By adding weights to 

the zeroth order FIR sub-filters, the noise attenuation in the vicinity of the edges is in-

creased [10, 11]. 

 Sub-filter weighted FIR hybrid filter used myriad operation instead of median [38]: 

 
1 0 0 1ˆ ˆ ˆ ˆ{ , 2 , , 2 , },

i i i i

SWFMH
i fw fw i bw bwy myriad x x x x x     (4)  

A myriad will be estimated from seven points in the window only; hence, that does 

not cause a significant computational cost increase. The proposed median operation re-

placement by myriad improves filtering quality [38]. 

Noise- and signal-adapting nonlinear filtering algorithms. EOG signal processing 

can be performed with a noise- and signal-dependent algorithm based on myriad filters 

and weighted FIR myriad hybrid filters with adaptive switching of window length N  

and linearity parameter Ka  controlling filter nonlinearity: 
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where ix  is an input signal; , , ,( , )k j k j k jMyr N Ka

iy , 1, ..., 3k  , 11, ...,j L , are out-

puts of myriad filters to be applied at low noise levels  ( 1ˆ 1, ...,in L ); 

, , ,( , )k j k j k jSWFMHmyr N Ka

iy , 1, ..., 3k  , 1 1, ...,j L L  , are outputs of sub-filter 

weighted FIR myriad hybrid filters to be applied at higher noise levels  

1ˆ 1, ...,in L L  ); 1 2 3j j jN N N   are window lengths for j-th filter set; 

1 2 3j j jKa Ka Ka   are parameters which set different nonlinearities to the myriad es-

timate, 1, ...,j L ; ˆin  is a flag variable that defines different noise levels; 
f

ir , f
ith , 

| |
f

Z iQ  are LAIs, as which the filtered Hampel identifiers [40, 41] and the absolute val-

ue of Z-parameter quasi-range [21, 22] are used; 
1Zt , Zt  are the low and the upper 

thresholds for | |
f

Z iQ  comparison. 

Hampel filter [40, 41] identifiers ir , ith   can be described as 

 | |i i ir x m  , 
MAD

i ith tS ,  

 1 21,4826 {| |, | |, , | |}MAD
i i i N iS median x m x m x m    , (6) 

where ix  and im  are the center sample and median of the input samples 1{ }|Nj jx   with-

in a sliding window of length N ; 
MAD
iS  is a median absolute deviation (MAD), which 

is a robust estimate of the scale (spread width of the PDF of a random variable), 1,4826 

is a coefficient used for Gaussian PDF [12]; t  is a fixed threshold; | |  denotes an abso-

lute value. 

Z-parameter and its quasi-range 
iZQ  can be described as 
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where i jx  , f
i jy   are input and pre-filtered samples, respectively; ZN  is a window 

length;  
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containing Z-parameter values; QN  is the length of this window.  

A flag variable for preliminary noise level estimation can be written as 
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where 
f

ir , 
f

ith , 
f

Z iQ  are filtered values of Hampel identifiers and Z-parameter quasi-

range, used as LAIs; 
1Zt  is the low threshold for Z-parameter; 1 , 2 , …, 1L  are 

thresholds for noise levels estimation; L  is the number of estimated noise levels. 

It is proposed to simply estimate the noise level by comparison a LAI with given 

thresholds. «This estimation is performed on the slowly alternating signal part when 

there is the condition 
1

( ) and (| | )
f f f

Z Zi i ir th Q t  ». A flag variable conventionally de-

fines different noise levels from 1 — «very low» to L  — «very high», for which there 

is a reason to switch the filters with enlarged (in case of increasing noise variance) or 

diminished (in case of decreasing noise variance) window lengths. 

When the computational complexity of signal processing algorithms is 

significantly limited, not allowing myriad filtering, the locally-adaptive algorithm for 

adaptive switching of sub-filter weighted FIR median hybrid filters (3), due to their high 

quality in the edges vicinities, and simple averaging filters, which provide high degree 

of noise suppression on the linear signal parts, with different window lengths is 

suggested: 
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«where ix  is an input signal; 1, 1,( )j jSWFMH N

iy , 2, 2,( )j jSWFMH N

iy , 1, ...,j L , are out-

puts of sub-filter weighted FIR median hybrid filters (3)»; 3, 3,( )j jAF N

iy  are outputs of sim-

ple averaging filters; 1 jN , 2 jN , 3 jN  ( 1 2j jN N ) are window lengths of j-th filter set. 

1.2. Numerical simulation algorithm. Statistical estimates of filter efficiency 

were obtained using numerical simulation (via Monte Carlo analysis) according to the 

following algorithm [17]: 1) a test «clean» signal is formed; 2) a noise with given char-

acteristics is randomly generated and superimposed with the test signal; 3) a filtering al-

gorithm with specified parameters is applied; 4) performance indicators are calculated 

and fixed; 5) the filtering is repeated many times for a large number of signal realiza-

tions with random noise, while the performance indicators are averaged. 

The commonly filter efficiency estimation criteria of minimum mean square 

error (MSE) and maximum signal-to-noise ratio (SNR) are applied to evaluate the 
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filtering quality [17]. Statistical estimates of filter efficiency accordingly to the 

MSE (  ) and SNR (q) criteria are expressed as 

 2

1

2
1 ( ( ) / ) /RN i f

i Rij i i
y s I N 

    , (11) 

where 
f

iy  is the output of the evaluated filter of the i-th sample; is  is a «clean» signal; 

I  is the length of signal realization; RN  is the number of noisy test signal realizations 

for statistical averaging: 

 
110lg( / /RN

s n Rjq p p N , 
2

1( ) /I
s iip s s I  ,  

 
2

1( ) /
fI

n iiip y s I  , 1 /I
iis s I ,   (12) 

where sp  and np  are signal and noise powers. 

A piecewise signal with vertical step lines simulated model EOG signal (Fig. 1, a), 

which is similar to the EOG signals sampled at 100 Hz (Fig. 1, b) was taken as a 

«clean» signal to be used in numerical simulation. This model signal is somewhat 

«ideal»: it is assumed that the upper-frequency spectrum limitation is absent and, 

therefore, a high-frequency noise is present in the test signal since the step changes were 

simulated as vertical lines. Similar real signals are recorded in simple conditions when 

the examined person is looking to the left and to the right according to the rhythm given 

by alternating LEDs (light-emitting diodes), which light up for a period of 1; 0,5 or 0,25 

seconds, that allows determination of the eyeball angular velocity. 

The suggested nonlinear locally-adaptive algorithms are applied to the signals 

sampled at low frequencies when adaptive switching of not large windows is reasona-

ble. A filter with a large window length is required to suppress high-frequency 

fluctuations in the signals with a high sampling rate; in this case, nonlinear trend 

detection algorithms of the median or myriad types are efficient [42–44]. 
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1.3. Parameter settings for considered algorithms. For the proposed locally-

adaptive filters, the suitable filter parameters were chosen by numerical simulations for 

the considered test signals (Fig. 1) according to a minimum of MSE (11) or a maximum 

of SNR (12) at the filter output in the presence of the Gaussian noise with a zero mean 
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and different variance. The proposed EOG processing myriad algorithm (5) and its 

modification [23–25] with selective re-filtering (when the noise reaches a not very low 

level, when flag variable ˆin  (9) greater than 2) are denoted as ASWFmyr1P, 

ASWFmyr2P, and the median algorithm (10) and its mentioned modification as 

ASWFmed1P and ASWFmed2P.  

The following parameters were chosen for LAIs calculations: for Hampel parame-

ters ,ir  ith  (6) the window with length N  = 21 and threshold t  = 0.6 are used, these 

parameters are smoothed by averaging filters with windows 1N   =  23 and 2N  = 15,  

respectively; for Z-parameter (3), the input signal is pre-filtered by myriad filter (2) with 

parameters N  = 21, K  = 0,03, for Z-parameter (7) and its quasi-range 
iZQ  (8) calcula-

tions the windows ZN  = 11 and QN  = 15 are used, the low and upper thresholds are 

1Zt  = 0,2; Zt  = 0,4, the 
iZQ  values are processed by median filter with window 

3N  = 11. For myriad adaptive filters ASWFmyr1P and ASWFmyr2P (5), the noise lev-

els are estimated by the following thresholds: 1  = 0,001; 2  = 0,002; 3  = 0,005; 

4  = 0,01; 5  = 0,03; 6  = 0,08; 7  = 0,15. Accordantly, in the first three filter sets, 

the myriad filters based on Newton's numerical technique [45, 46] with an excellent step 

response at low noise levels are adaptively switched, and in the next four filter sets the 

sub-filter weighted FIR myriad hybrid filters, which preserve edges and strongly 

suppress noise in their vicinities, are applied. The correspondent parameter sets for 

adaptive switching are as follows: { 21N  = 31N  = 17, 21Ka  = 31Ka  = 0,03}, { 12N  = 9, 

12Ka  = 0,01; 22N  = 32N  = 19, 22Ka  = 32Ka  = 0,03}, { 13N  = 13, 13Ka  = 0,01; 

23N  = 33N  = 21, 23Ka  = 33Ka  = 0,03}, { 14N  = 21, 14Ka  = 0,01; 24N  = 21, 

24Ka  = 0,03; 34N  = 21, 34Ka  = 0,1}, { 15N  = 23, 15Ka  = 0,01; 25N  = 23, 

25Ka  = 0,03; 35N  = 23, 35Ka  = 0,1}, { 16N  = 25, 16Ka  = 0,03; 26N  = 36N  = 25, 

26Ka  = 36Ka  = 0,1}, { 17N  = 27, 17Ka  = 0,03; 27N  = 37N  = 27, 

27Ka  = 37Ka  = 0,1}, where the first subscript indicates the component and the second 

marks the filter set number.  

For algorithms ASWFmed1P and ASWFmed2P (10), noise levels are distinguished 

using the following thresholds: 1  = 0,001; 2  = 0,003; 3  = 0,005; 4  = 0,02; 

5  = 0,09; 6  = 0,15; 7  = 0,2. Accordingly, filter sets are switched, where each set 

has two components: a sub-filter weighted FIR median hybrid filter and a simple aver-

aging filter with the following parameters: { 21N  = 31N  = 9}, { 12N  = 9; 

22N  = 32N  = 11}, { 13N  = 13; 23N  = 33N  = 13}, { 14N  = 15; 24N  = 34N  = 15}, 

{ 15N  = 17; 25N  = 35N  = 17}, { 16N  = 19; 26N  = 36N  = 19}, { 17N  = 21; 

27N  = 37N  = 21}. 

The suggested noise and signal-adapting algorithms for nonstationary noise 

removal are compared with nonadaptive nonlinear filters, which are effective for EOG 

signals processing. The reference filters are denoted as follows: Med is a median 

filter (1), Myr is a myriad filter (2), SWFMH is a sub-filter weighted FIR median 

hybrid filter (3), SWFMHmyr is the SWFMH algorithm with the median replaced 

by myriad (4); the number at the end of the filter abbreviation means the sliding 

window length N, for myriad filters the linearity parameter K value is specified in-

side parentheses. All window lengths must be odd. 
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2. Results and discussion 

2.1. Numerical simulations results. The statistical estimates of filtering efficiency 

for the EOG test signal (Fig. 1, a) are presented in Table, statistical estimates of effi-

ciency for EOG test signal according to criteria of MSE (×10 – 8
) and SNR (sampling 

frequency fs = 100 Hz). As can be seen from the numerical simulations results, at the 

wide range of Gaussian noise variance changing (input SNR lays in the range from 30 

to 0 dB) the suggested noise- and signal-adapting myriad algorithms ASWFmyr1P, 

ASWFmyr2P are the most effective. The algorithm ASWFmyr1P (5) prevails over the 

median ASWFmed1P (10) according to the SNR and MSE criteria: by 3,6–1,5 dB and in 

2,3–1,4 times in the range of the input SNR from 35 to 20 dB and by 1,6– 0,8 dB and 

in 1,4–1,2 times in the range of the input SNR from 15 to 0 dB. On the whole, the al-

gorithm ASWFmyr2P is the most effective, it provides the following indicators of 

the SNR increase and the MSE decrease due to filtering: by 7,1–10,6 dB and in 5–11,2 times 

in the wide range of the input SNR from 35 to 10 dB; by 9,1–9,7 dB and in 8–9,3 times at 

high noise level when the input SNR is in the range from 5 to 0 dB. The selective re-

filtering increases the filtering efficiency according to the SNR and MSE criteria: by 

0,3–0,7 dB and in 1,07–1,17 times in the range of input SNR from 20 to 10 dB and 

by 0,3 dB and in 1,07 times in the range of input SNR from 5 to 0 dB for the algorithm 

ASWFmyr2P comparing to ASWFmyr1P; by 0,2–0,3 dB and in 1,04–1,08 times when the 

input SNR belongs to the wide range from 15 to 0 dB for ASWFmed2P comparing to 

ASWFmed1P. 

At low noise levels (input SNR lays in the range from 35 to 20 dB), the most effec-

tive is the myriad filter with nonlinear properties (linearity parameter K  = 0,01, win-

dow length N = 13 or 15), its output SNR increases by 7–9,6 dB and the MSE decreases 

in 5,2–8,4 times. The advantage of the myriad filter over the median with the same win-

dow length according to the SNR and MSE criteria is by 3,8–4,6 dB and in 1,5–3 times 

in the range of the input SNR from 35 to 25 dB and by 3,7 dB and in 2,1 times when the 

input SNR is 20 dB, however, with noise variance increase the noise suppression by the 

median filter becomes better. However, in the wide range of the input SNR from 15 to 

0 dB, the myriad filter with increased linearity parameter (K = 0,03, N  = 17) becomes 

more effective than the myriad filter with higher nonlinear properties ( K  = 0,01, 

N  = 17): the improvements of the corresponding output SNR and MSE are by 4,2–1,2 dB 

and in 2,7–1,3 times, respectively. Compared to the median ( N  = 17), the myriad filter 

with increased linearity parameter ( K  = 0,03) has better efficiency by 3,7–0,3 dB ac-

cording to SNR and in 2,3–1,1 times according to MSE in the range of the input SNR 

from 15 to 5 dB, and the median filter performs stronger noise suppression at its very 

high level (input SNR = 0 dB). 

For a wide range from middle to high noise levels (input SNR varies from 15 to 

5 dB), the sub-filter weighted FIR myriad hybrid filter (SWFMHmyr) with a larger 

window length (N = 21) is the most effective among the considered nonadaptive filters, 

while at high noise levels (input SNRs = 10, 5 dB), the estimates of efficiency for this 

nonlinear filter are better with increased linearity parameter ( K  = 0,03). The quantita-

tive assessment shows higher efficiency of the myriad filtering compared to the median. 

In particular, the myriad algorithm SWFMHmyr ( N  = 15, K  = 0,01) improves the effi-

ciency of the median counterpart SWFMH ( N  = 15) approximately by 2,2–0,6 dB and in 

1,7–1,2 times accordantly to SNR and MSE criteria in a wide range from low to middle 

noise levels (input SNR belongs to the range from 30 to 10 dB) but loses this advantage 

at high noise levels (input SNRs = 5,0 dB). 
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Table 

Filter SNR MSE SNR MSE SNR MSE SNR MSE 

1. Input SNR = 35 dB; NR = 200; 2. SNR = 30 dB; 3. SNR = 25 dB; 4. SNR = 20 dB; 

None 35 211 30 667 25 2108 20 6666 

Med13 38,36 97 35,04 209 30,75 562 25,99 1680 

Med15 37,50 119 34,56 233 30,5 595 25,83 1742 

Myr13(0,01) 42,16 41 39,15 81 34,83 219 29,31 793 

Myr15(0,01) 41,31 49 38,93 85 35,06 209 29,55 761 

SWFMH13 38,62 92 35,32 196 31,4 483 26,95 1346 

SWFFMH15 38,1 103 35,17 203 31,5 472 27,22 1266 

SWFMHMyr13(0,01) 40,42 61 37,39 122 33,37 307 28,83 874 

SWFMHMyr15(0,01) 40,04 66 37,39 122 33,62 290 29,2 803 

ASWFmed1P 38,43 98 36,18 161 32,15 407 27,97 1067 

ASWFmed2P 38,43 98 36,12 166 32,0 431 27,99 1064 

ASWFmyr1P 42,05 42 39,74 71 35,68 181 29,43 762 

ASWFmyr2P 42,05 42 39,61 73 35,72 179 29,72 713 

5. SNR = 15 dB; 6. SNR = 10 dB; 7. SNR = 5 dB; 8. SNR = 0 dB 

None 15 21080 10 66662 5 210804 0 666621 

Med17 20,79 5569 15,91 17100 11,31 49381 7,79 110943 

Med21 20,33 6186 15,5 18806 10,99 53072 7,8 110869 

Myr15(0,01) 20,83 5664 14,71 22662 9,95 67578 5,3 197222 

Myr17(0,01) 20,28 6432 14,67 22918 10,05 65980 5,47 189674 

Myr17(0,03) 24,46 2395 17,66 11511 11,55 46774 6,62 145309 

Myr21(0,01) 19,36 7970 14,45 24083 10,12 65011 5,68 180509 

Myr21(0,03) 24,41 2427 17,24 12707 11,51 47182 6,81 139064 

SWFMH15 22,54 3722 17,74 11240 13,03 33257 8,45 95454 

SWFMH17 22,64 3634 17,96 10673 13,29 31319 8,75 88943 

SWFMH21 22,78 3523 18,19 10131 13,61 29080 9,18 80561 

SWFMHMyr15(0,01) 24,28 2497 18,38 9722 12,28 39506 7,24 126013 

SWFMHMyr17(0,01) 24,56 2341 18,85 8740 12,63 36491 7,53 117973 

SWFMHMyr17(0,03) 23,52 2965 19,2 8043 13,79 27961 8,5 94376 

SWFMHMyr21(0,01) 25,0 2116 19,48 7547 13,17 32278 7,92 107834 

SWFMHMyr21(0,03) 23,59 2924 19,53 7444 14,11 25937 8,9 85978 

ASWFmed1P 23,27 3147 18,48 9480 13,20 31985 8,64 91235 

ASWFmed2P 23,45 3019 18,73 8961 13,48 30036 8,97 84638 

ASWFmyr1P 24,88 2175 19,86 6933 13,78 28019 9,43 76113 

ASWFmyr2P 25,54 1874 20,55 5949 14,08 26206 9,71 71376 
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Compared to the most effective myriad filter ( N  = 15, K  = 0,01) at low noise 

levels (input SNR belongs to the range from 35 to 20 dB), the advantage of the algo-

rithm ASWFmyr2P over this nonlinear filter becomes significant when the noise vari-

ance increases, namely: ASWFmyr2P prevails in efficiency according to the SNR and 

MSE indicators by 0,7–0,2 dB and in 1,2–1,1 times at low noise levels (input 

SNRs = 35, 30, 25, 20 dB), by 4,7–5,8 dB and in 3–3,8 times at middle noise levels 

(input SNRs = 15, 10 dB ), and by 4,1–4,4 dB and in 2,6–2, 8 times at high noise levels 

(input SNRs = 5, 0 dB). Compared to SWFMHmyr ( N  = 17, K  = 0,01) that provides a 

high degree of noise suppression in the edges vicinities and has the best performance 

among the nonadaptive filters at middle-high noise levels (input SNR belongs to the 

range from 20 to 0 dB), the locally-adaptive myriad algorithm ASWFmyr2P also shows 

a significant advantage for SNR and MSE criteria, namely: by 3,4–0,4 dB and in 2,2–1,1 

times in the range from low to middle noise levels (input SNRs = 35, 30, 20 dB), by 1–

2,2 dB and in 1,3–1,7 times at middle-high noise levels (input SNRs = 15, 10, 5, 0 dB). 

Besides, at high noise levels, the properties linearity for SWFMHmyr should be in-

creased by setting the parameter K  = 0,03. Concerning the most effective nonadaptive 

filter for each of the simulated cases, the noise- and signal dependent algorithm 

ASWFmyr2P has an advantage according to the SNR and MSE indicators, as follows: by 

0,5–0,7 dB and in 1,11–1,17 times for the input SNR range from 30 to 25 dB, by 0,2, 

0,5, and 1 dB and in 1,07, 1,13 and 1,25 times for the input SNRs = 20, 15, 10 dB, 

respectively, and by 0,5 dB and in 1,13 times for the input SNR = 0 dB. Thus, when the 

noise variance significantly changes from low to high levels, the application of the sug-

gested noise- and signal-adapting myriad filters is reasonable and much more effective. 

2.2. Analysis of signals plots. Significantly more effective filtering in the presence 

of nonstationary noise in an EOG signal (Fig. 2, a) is provided by the proposed noise 

and signal-adapting myriad algorithms ASWFmyr1P, ASWFmyr2P (5), as can be seen 

from the plots of output signals, the LAIs and the filter parameters adaptively switched 

(Fig. 2–4). Visual analysis of the filtering quality confirms the results of numerical 

evaluations of efficiency (Table). As follows from visual analysis, the suggested real-

time noise- and signal-adapting algorithms are mostly correctly choosing the most suit-

able filter among the given filters for processing the vicinity of the current i-th signal 

sample depending on the local signal-to-noise situation determined by LAIs. Hence, a high 

quality of noise filtering and an evident advantage over nonadaptive filters are ensured.  

Gaussian noise with different levels of variance is added to the EOG test signal 

(Fig. 2, a): the sections of the test signal, specified by the indices indicated below, cor-

respond to the following values of the input SNR: 35 dB — the indices 1–200; 30 dB — 

the indices 201–450 and 3201–3450; 25 dB — the indices 451–700 and 2951–3200; 20 

dB — the indices 701–950 and 2701–2950; 15 dB — the indices 951–1200 and 2451–

2700; 10 dB — the indices 1201–1450 and 2201–2450; 5 dB — the indices 1451–1700 

and 1951–2200; 0 dB — the indices 1701–1950. 

As is seen (Fig. 2, filtering of a test EOG signal with nonstationary Gaussian noise; 

a — input signal; b — output of median filter; c — output of myriad filter; d — output 

of sub-filter weighted FIR median hybrid filter; e — output of sub-filter weighted FIR 

myriad hybrid filter f — output of one-pass adaptive myriad algorithm ASWFmyr1P;  

g — output of adaptive myriad algorithm ASWFmyr2P with selective re-filtering), all 

considered nonlinear filters are characterized by high-quality processing of step-like 

changes: sharp edges are shown to be well-preserved and noise is high-effectively 

suppressed in their vicinity, at a constant signal a high degree of noise attenuation is 

provided, as well. At a low noise level, the step edges are clearer depicted in the  

output signals of the myriad (Myr) filter (Fig. 2, c) and the sub-filter weighted FIR 



138 ISSN 2786-6491 

myriad hybrid (SWFMHmyr) filter (Fig. 2, e), compared to the median (Med) filter 

(Fig. 2, b) and the sub-filter weighted FIR median hybrid (SWFMH) filter (Fig. 2, d), 

however, the median filter is more effective on the signal part with a very high noise 

level. Compared to the nonadaptive filters (Fig. 2, b–e), the enhanced quality of output 

signals is observed for the locally-adaptive algorithms ASWFmyr1P (Fig. 2, f) and 

ASWFmyr2P (Fig. 2, g), while the algorithm ASWFmyr2P with selective re-filtering is 

the most effective. 
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Similar conclusions follow from the visual analysis of residual noise plots at the 

filter outputs (Fig. 3, Residual noise after filtering: a — simulated nonstationary noise; 

b — residual noise after median filter; c — residual noise after myriad filter; d — resid-

ual noise after sub-filter weighted FIR median hybrid filter; e — residual noise after 

sub-filter weighted FIR myriad hybrid filter; f — residual noise after adaptive myriad 

algorithm ASWFmyr1P; g — residual noise after adaptive myriad algorithm 

ASWFmyr2P with selective re-filtering). As can be seen, at the signal parts with low and 

middle noise levels, the algorithms with the utilization of myriad filtering Myr (Fig. 3, c) 

and SWFMHmyr (Fig. 3, e) suppress noise better as compared to the median filters Med 

(Fig. 3, b) and SWFMH (Fig. 3, d), however, at the very noisy signal part, the residual 

noise amplitude deviation after median filter applying is smaller. The residual noise 

plots for the noise- and signal-dependent algorithms ASWFmyr1P and ASWFmyr2P 

(Fig. 3, f, g) demonstrate a significant attenuation of noise power compared to the non-

adaptive filters (Fig. 3, b–e) and the usefulness of selective re-filtering for the locally-

adaptive algorithm ASWFmyr2P (Fig. 3, f, g). As a result of median filtering (Fig. 3, b), 

at the signal part with a high noise level, the maximum absolute deviation of the residu-

al noise is lower than for other filters (Fig. 3, c–g), however, on the whole, the quality 

of nonstationary noise suppression for the noise- and signal-adapting myriad algorithms 

(Fig. 3, f, g) is noticeably better. 
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Continuation Fig. 3 
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The behavior of LAIs and filter parameters adaptable during signal processing for 

the proposed locally-adaptive myriad algorithm (5) (Fig. 4, local activity indicators and 

adaptable filter parameters: a) input signal; b) smoothed Hampel parameters 
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ir , 
f

ith ;  
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Z iQ ; d — noise level estima-

tion by flag variable, number of re-filtering; e — filter switching depending on noise 

level estimation and LAIs comparison (y-axis is offset for illustration of IPF and NSF 

by 10 and 20 units; e) adaptable algorithm’s parameters switching: window length, line-

arity parameter of myriad filter Ka  (multiplied by 100)) clearly illustrates the idea of 

locally-adaptive nonlinear filtering with «hard» switching of parameters' values. The 

condition for Hampel parameters comparison 
f f

i ith r  (Fig. 4, b) and close to unity Z-

parameter quasi-range | |
f

Z iQ  values (Fig. 4, c) correctly determine edges and, accord-

ingly, switch the nonlinear filters with high dynamical properties for processing, in this 

case, Myr or SWFMHmyr filters with a small linearity parameter value ( Ka  = 0,01). At 

the constant signal parts, filters with linear properties ensuring high-effective noise sup-

pression are mainly used, in this case, Myr (at a low noise level) and SWFMHmyr (at 

higher noise levels) with linearity parameter Ka  = 0,03 for Myr and Ka  = 0,1 for 

SWFMHmyr (Fig. 4, d). The flag ˆin  (9) is tracking noise level changes (Fig. 4, e) and, 

relatively, filter sets with more appropriate window length settings increasing by the 

noise variance increase are being switched. For the entire signal, except its beginning 

with a very low noise level, the flag ˆin  is greater than 2, therefore the locally-adaptive 

algorithm ASWFmyr2P performs re-filtering. The window length N  and the linearity 

parameter Ka  are switched to smaller values, ensuring the myriad filter high nonline-

arity mode in the vicinity of the edges, and to larger values, ensuring linear, close to av-

eraging, myriad filter properties at the constant signal segments (Fig. 4, f). The filter win-

dow length for processing the current sample is enlarged when the noise level increases 

and is diminished otherwise (Fig. 4, f). 
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Continuation Fig. 4 
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Conclusion 

This paper introduced new noise- and signal-adapting real-time filtering algorithms 

for nonstationary noise (with time-varying variance) removal in the electrooculographic 

biomedical signals. During the sample-by-sample signal processing in these algorithms 

the selection of the filter set and parameters is determined based on the local estimates 

of the noise level and signal behavior. This is achieved through the comparison of the 

local activity indicators calculated for each signal sample. By analyzing the LAIs, a fil-

ter set with the most suitable window length settings and a filter with appropriate pa-

rameters are being automatically selected during a signal processing to process a vicini-

ty of the current sample. One of the proposed algorithms involves adaptive switching of 

myriad and FIR hybrid filters with a proposed extension to replace median operation by 

myriad with high edges processing quality taking into account. The algorithm chooses 

the most suitable values of window length and linearity parameter controlling myriad 

filter nonlinearity for local signal processing from the fixed set of relevant values. An 

alternative algorithm is proposed to address scenarios with significant computational 

complexity limitations during signal processing. This a lgorithm performs adaptive 
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switching between sub-filter weighted FIR median hybrid filters for high-edge filtering 

quality and simple averaging filters for effective noise suppression in linear signal sec-

tions. The advantages of such locally-adaptive algorithms include their independence 

from prior knowledge about the local signal behavior model and noise variance. These 

algorithms also eliminate the need for time-consuming adjustments and precise tuning 

of filter parameters during signal processing. Moreover, they can be implemented with 

low computational complexity, enabling real-time processing.  

The statistical estimates of filtering efficiency evaluated by numerical simulations 

for the EOG model signals and the output signals plots show the high quality of nonsta-

tionary noise suppression by the proposed noise- and signal-adapting algorithms, as 

well as the expediency of selective re-filtering depending on the noise level preliminary 

assessment. A significant advantage is demonstrated in the effectiveness of the pro-

posed locally-adaptive nonlinear filtering algorithms compared to the reference filters, 

which are effective for the specified signals. For all simulated situations of the input 

SNR wide range from 35 to 0 dB, the proposed locally-adaptive algorithm based on the 

myriad and the sub-filter weighted FIR myriad hybrid filters demonstrates the best effi-

ciency indicators: in the wide range of input SNR changes from 35 to 10 dB, they pro-

vide the SNR increase by 7,1–10,6 dB while the corresponding MSE decrease in 5–11,2 

times, and at high noise levels when input SNR varies from 5 to 0 dB, the SNR increas-

es by 9,1–9,7 dB and the MSE decreases 8–9,3 times. The locally-adaptive algorithm 

based on sub-filter weighted FIR median hybrid filters and averaging filters require 

simpler calculations, however, it inferiors in noise suppression efficiency compared to 

the adaptive myriad algorithm which also allows real-time implementation with the uti-

lization of high-speed computers. The advantage of the locally-adaptive myriad algo-

rithm over the well-known median filter is 5–3 dB. The analysis of the filter output sig-

nals plots, the LAIs, and filter parameters, which during signal processing adapt to the 

changes in local signal behavior and noise level, is confirmed with the calculated statis-

tical estimates of the filters' efficiency. The high quality of nonstationary noise attenua-

tion and the noticeable advantages over nonadaptive nonlinear filters are shown.  
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Усунення в біомедичних сигналах нестаціонарного шуму важливо для 

забезпечення високоякісної діагностики. Нестаціонарний шум складно 

видалити через його змінні в часі й апріорно невідомі характеристики. 

Застосування лінійної фільтрації до електроокулографічних (ЕОГ) сиг-

налів приводить до згладжування діагностично важливих різких змін 

сигналу, викликаних сакадичними рухами очей. З цієї причини для 
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обробки перепадів та інших точок розриву похідної більш доцільними є 

нелінійні фільтри на основі робастних оцінок. У статті представлено 

адаптивні алгоритми нелінійної фільтрації нестаціонарного шуму в ре-

альному часі в сигналі ЕОГ за допомогою шумо- та сигнал-залежного 

перемикання фільтру, більш придатного для обробки локального околу 

поточного відліку вхідного сигналу. Один із алгоритмів базується на 

міріадних і зважених КІХ (кінцева імпульсна характеристика)-гібрид-

них міріадних фільтрах. У ньому пропонується замінити медіанну опе-

рацію міріадою з адаптивним перемиканням довжини вікна та значень 

параметру лінійності. Інший алгоритм адаптивно перемикає зважені 

КІХ-гібридні медіанні фільтри та фільтри усереднення з різною довжи-

ною вікна, забезпечуючи простіші обчислення та високу швидкодію. Ці 

алгоритми не потребують часу для модифікації параметрів та їхнього 

точного налаштування під час обробки сигналу, попереднього знання 

моделі сигналу та дисперсії шуму. Проведено чисельне моделювання 

для оцінки якості фільтрації за критеріями середньоквадратичної похи-

бки та співвідношення сигнал/шум для модельного сигналу при різних 

рівнях гаусова шуму. Отримані результати свідчать про високу якість 

заглушування нестаціонарного шуму в ЕОГ. Адаптивний алгоритм 

міріадного типу перевершує медіанний за ефективністю, проте вимагає 

чисельного методу для мінімізації функції вартості, однак їх реалізація 

в реальному часі можлива з використанням високошвидкісних комп’ю -

терів. Запропоновані адаптивні алгоритми значно покращують ефек-

тивність неадаптивних фільтрів. 

Ключові слова: електроокулографічні сигнали, нестаціонарний шум, 

адаптивна фільтрація в реальному часі. 
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