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Abstract. The noise cancellation should be the first step of each signal processing device. The
most difficult type of noise which should be suppressed is an impulsive type of noise. The group
of nonlinear robust filter successfully supress such noise. The aim of this work is to present a
new approach to myriad filter computation and its application in biomedical signal processing.
This new method is based on 2nd order polynomial approximation. The special conditions are
proposed for proper used of this new myriad filter. The effectiveness of such approach is shown
for ECG signal filtering in the presence of an impulsive noise. This kind of noise is simulated
using Symmetric-α-Stable distribution and the level of noise is controlled with Geometric-SNR.
Additionally, the adaptive estimation of the linear parameter K of the myriad filter is proposed.

1

Introduction

Noises which appear during recording of biomedical signal are seldom characterized by the
ideal Gaussian distribution, whereas a noise can have an impulsive nature. An application of
traditional filtering method at such assumption can lead to introducing a distortion to a filtered
signal. The process of noise suppression should be the first step of each biomedical signal
processing system. The accuracy of farther signal processing steps like detection, measurement
or classification depend on the quality of reduction noise algorithms. In the biomedical systems
the first step of the processing of biomedical signals is very important. All later activities
depend on the quality of the initial step [13]. For the purpose of this work the electrocardiogram
(ECG signal) was chosen as a representation of biomedical signals.
A white Gaussian noise is usually used to model the muscle noise in ECG processing. This
noise shows frequently an impulsive nature, and it means that the Gaussian model may fail.
Another model which very likely describes some cases of the muscle noise is an application
of the symmetric α-stable distribution [15]. One of the most disadvantage of linear filters are
their sensitivity to outliers samples. More appropriate should be a non-linear group of filters
which are robust to outliers in a filtered signal. The myriad filter has recently been proposed as a
robust, non-linear filtering and an estimation technique in impulsive environments. It represents
a wide class of maximum likelihood type estimators (M-estimators) of location [9, 10].
The main purpose of this paper is an application of the non-linear new myriad filter in
biomedical signal processing (for example an ECG signal). This new myriad filter is based
on the 2nd order polynomial approximation of data samples in the filter window. The reference
filter is the myriad filter with the fixed point searching method. The plan of this paper is the
following. It begins with introduction a myriad filter theory. Presentation of the new method
of myriad filter output estimation is introduced in the next section. Finally, a number of results
and conclusions are presented.

2

The M-estimator and the myriad filter

The M-estimator technique is one of the most popular methods to solve the problem of robust
parameter estimation. The principle of M-estimators can be formulated in the following way.
Let us choose a set of N data samples x1 , x2 , . . . , xN , where xi = βi + vi and 1 ≤ i ≤ N ,
the problem is to estimate the βi location parameter under noise component vi . This parameter
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identifies the position of the probability density function (pdf ) on the real line of data samples.
The distribution of vi in not assumed to be exactly known. The only basic assumption is that
v1 , . . . , vN obey a symmetric, independent, identical distribution (symmetric i.i.d.) [7, 12].
The M-estimate or maximum likelihood-type estimator (MLE) was originally proposed to
improve robustness of statistical estimators subject to the small deviations mentioned above.
The M-estimator of β̂ is defined as the minimum of a global energy function:
β̂ = arg min
β

N
X

ρ(xi − β).

(1)

i=1

The function ρ(·) is usually known as the cost function. The term „cost” is explained from the
engineering interpretation that a „penalty” with value ρ(xi − β) shall be paid for the estimator
to be away from sample xi . Under this point of view, the M-estimator is the point β with
the minimum sum of costs [5]. An M-estimator of location is defined as the parameter β̂ that
minimizes the expression in (1). The behavior of the M-estimator is entirely characterized by
the shape of ρ function [2, 6, 12]. The different types of M-estimators and corresponding filters
are presented in the table 1 [1]. In each row of the table 1, the filter output is the value which
minimizes the associated cost function
filter
cost function
filter ouput
PN
2
mean
mean{xi |N
(xi − β)
i=1 }
Pi=1
N
N
median
median{x
|x
−
β|
i |i=1 }
i
i=1
PN
2
2
myriad
myriad{xi |N
i=1 ; K}
i=1 log[K + (xi − β) ]
P
N
meridian
meridian{xi |N
i=1 ; δ}
i=1 log[δ + |xi − β|]
P
N
2
weighted mean
mean{wi · xi |N
wi (xi − β)
i=1 }
Pi=1
N
weighted median
median{xi ¦ wi |N
i=1 }
i=1 wi |xi − β|
PN
N
2
2
weighted myriad
myriad{wi ◦ xi |i=1 ; K}
i=1 log[K + wi (xi − β) ]
P
N
weighted meridian
meridian{wi ? xi |N
i=1 ; δ}
i=1 log[δ + wi |xi − β|]
Tab. 1: M-estimator cost functions and filter outputs for various filter families
Let ρ(z) be a function of a single variable z ≡ (xi − β). Given the Cauchy distribution with
scaling factor K > 0,
1
K
,
(2)
f (z) =
2
π K + z2
its associated cost function has a form:
ρ(z) = log(K 2 + z 2 ).

(3)

The maximum likelihood estimator of location (M-estimator) associated with this cost function
is called a sample myriad. The scaling factor K is called linearity parameter and controls the
impulse-resistance (outlier-rejection capability) of the estimator. This parameter offers a rich
class of operation that can be easily controlled by changing value of K. Tuning K parameter
adapts the behavior of the myriad filter from impulse-resistant mode-type estimators (small
values of K) to the Gaussian-efficient sample mean (large values of K). For details see in
[3, 6, 8, 9, 10, 11].
The myriad filter is also defined as the weighted myriad filter by assigning weights to the
sample in the maximum likelihood of the location estimation. The weights reflect the different
levels of reliability of the observed samples [9, 10, 11]. Let us consider a set of observations
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{xi }N
i=1

and a set of filter weights

as

{wi }N
i=1 .

The output of the weighted myriad filter is defined

ˆ
β̂ ≡myriad(x
1 ◦ w1 , x2 ◦ w2 , . . . , xN ◦ wN ; K) =
Q
= arg minβ N
[K 2 + wi (xi − β)2 ] =
PNi=1
= arg minβ i=1 log[K 2 + wi (xi − β)2 ]

(4)

where xi ◦ wi denotes the weighting operation and the weights are restricted to be non-negative:
wi ≥ 0, i = 1, . . . , N , N is the window length.
It is important to realize that the location estimation problem being considered in this paper
is related to the problem of filtering a time-series x(n) using a sliding window. The output y(n)
can be interpreted as an estimate of location based on input samples:
y(n) = myriad{x(n − N1 ), . . . , x(n), . . . , x(n + N2 ); K}

(5)

where N is window length (if N is even then N1 = N2 and N2 = N1 − 1, if N is odd then
N1 = N2−1 and N2 = N1 ). In this work, to make it more simple, wi = N1 for i = 1, . . . , N and
a further analysis of the weights value is not considered in the present work.
As table 1 shows, it is trivial to compute the mean or the weighted mean filter. The median
and the weighted median can also be estimated directly, however it requires sorting the input
samples, making algorithm more complicated. But the others two filters are not available to
computer in explicit form [11]. The main algorithm of estimation of the myriad filter output is
the fixed-point method presented in [9, 11]. Recently in [14] a new way of estimation of the
myriad filter output using the branch-and-bound algorithm was presented.

3

The myriad filter output estimation applying 2nd order approximation polynomial

The method proposed in this paper is based on the simple idea of application the least squares
approximation with the 2nd order polynomial.
The main problem in the least squares numerical approximation is finding the best fit function
f (x), that is close to the data samples: (x1 , y1 ), (x2 , y2 ), ..., (xn , yn ).
10
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Fig. 1: Degree of non-convexity in the slide window for the myriad filter cost function calculated for data vector (-2 1.5 1 2.1 -0.5 -1 4 2 -4 2 -.5 0.1 7). The plot shows the sorted xi data
and corresponding values of the myriad cost function.
The figure 1 presents the sorted data x and corresponding the myriad cost function values y
from eq. (3). According to eq. (4) β is such a value for which the expression at right side of eq.
(4) reaches the minimum value. The main problem is that there can exist many local minima.
The fixed-point method from [3, 9, 11] calculates iteratively this optimal β value, but requires
at least 10 iterations to find it and this method can not be applied in on-line applications.
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The idea of the proposed method is based on the observation that the sorted data samples in
the filter window and their corresponding myriad cost function values are placed on a parabolic.
Then coefficients of the 2nd order polynomial are calculated using the least square approximation. And the location of the peak of parabola is estimated. This value corresponds to the
optimal β from eq. (4). The proposed algorithm can be described as follows [15]:
1. sort in ascending order samples (x1 , x2 , . . . , xN ) in the sliding window of the myriad
filter x(1) ≤ x(2) ≤ . . . ≤ x(N ) .
2. calculate the cost function of the myriad filter for each sample xi in the window:
yi =

N
X

log[K 2 + wj (xj − xi )2 ].

(6)

j=1

3. assure the approximation method from outliers in the filter window, the cut-off process
is made in the following way:
∀i=1,...,N |x(i) | < ε.
(7)
If condition (7) is true, then the filter window is cut down on a sample x(i) and a new filter
window is created which consists of samples (x(1) , x(2) , . . . , x(N1 ) ), where N1 is the new
filter window length. Thus, N has a new value N = N1 . Similarly, the set of the cost
function values is also cut down on a sample y(i) , hence the set of values is the following:
(y(1) , y(2) , . . . , y(N1 ) ). Value of ε is chosen in an empirical way and in this work, for ECG
signal filtering, ε = 10.
4. the coefficients a0 , a1 , a2 of the 2nd order polynomial are estimated using the least square
approximation:
fmyrappr (β) = a0 + a1 β + a2 β 2 .
(8)
To solve this problem the following matrix S and vector T are created:

 
 

S0 S1 S2
a0
T0
 S1 S2 S3  ·  a1  =  T1 
S2 S3 S4
a2
T2

(9)

PN i
PN k
where Si =
j=1 xj and i = 0, 1, . . . , 2m, Tk =
j=1 xj yj and k = 0, 1, ..., m, and
for quadratic polynomial approximation m = 2. The Gauss elimination is applied to find
coefficients a0 , a1 and a2 .
The coordinate x of the parabola top corresponds to β value for which eq. (4) gets the
minimum value:
a1
.
(10)
β̂ = −
2a2
In order to ensure the condition that solution belongs to the range x(1) ≤ β̂ ≤ x(N ) , it is
checked if for the obtained value β̂ inequalities β̂ < x(1) or β̂ > x(N ) hold true. If these last
inequalities are true then the solution β̂ is selected from the set of samples x(i) :
β̂ ≡ x(i) |ymin =min(y1 ,y2 ,...,yN )

(11)

The second condition is formulated in the following form:
1. find ymin = min(y1 , y2 , . . . , yN ),
2. from eq. (8) calculate fmyrappr (β̂),
3. check the following inequality ymin < fmyrappr (β̂), if it holds true, then β̂ ≡ x(i) |ymin .
This last conditions can lead to the selected myriad filter.
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4

Filtering evaluation procedure

The presented in this paper method is evaluated through a computer simulation procedure
involving the filtering the ECG signal corrupted by a noise distributed with the symmetric αstable distribution. A single ECG cycle is used in this experiment. The signal is sampled
2000 times per second and consists of 1560 samples. In order to obtain the signal with high
geometric signal-to-noise ratio (GSNR), the signals are modeled by a linear combination of the
Hermite functions. These signals are corrupted with the α-stable distributed noise for different
values of α. The noisy ECG cycles are obtained by adding each ECG cycle to a noise with the
various GSNR (see fig. 2). The variance of random variable of the α-stable distribution doesn’t
exist, that’s why the GSNR is used and this factor is defined as [4]:
µ ¶2
A
1
,
(12)
GSNR =
2Cg S0
where Cg = eCe ≈ 1.78 is the exponential of the Euler constant, A is the amplitude of a modulated signal in an additive-noise channel with noise geometric power S0 . The normalization
constant 2Cg is used to ensure that the definition of the GSNR corresponds to that of the standard SNR if the channel noise is Gaussian [4]. The geometric power definition is the following
³Q
´1/M
M
S0 =
|x
|
[4].
i
i=1
Filtering a signal in the time-domain results in a change of the signal’s original spectral
component. This change usually consists in decreasing of unwanted components of the input
signal. The filtering process should not deform the signal, but there exists a group of filters
which may introduce inadmissible deformations of the signal. The nonlinear filters belong to
this group. For those reasons,Pthe presented filters are evaluated using the mean square error
M
2
(MSE) defined as MSE = M1
i=1 (si − yi ) , where: M - is the signal’s length, yi is the output
of the evaluated filter, si is the deterministic part of signal, without a noise. The MSE factor
allows to measure the mean square error of the additive residual distortions introduced by the
nonlinear filtering. Signals yi and si are aligned and they have the same time index.
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Fig. 2: An example of ECG signal corrupted with simulated impulsive noise modeled with SαS
process for α = 1.8 and GSNR= 10 dB (upper plot - clean signal, lower plot - noisy signal).
The results are obtained for one value of GSNR, i.e. 10 dB. For each value of α (from
1.7 to 2 with step 0.1 - this range corresponds to the impulsiveness of muscle noise [15])
and γ = 1, 100 different realizations of impulsive noise were generated with known
P100 value
1
of GSNR. Afterwards the averaged MSEave value is calculated as MSEave = 100
i=1 MSEi .
Linear parameter K of the myriad filter is varying (0.001, 0.002, 0.005, 0.01, 0.02, 0.05, 0.1,
0.2, 0.5, 1, 2, 5) and the MSE factor is calculated for each value of K.
Two variants of the myriad filtering were analyzed:
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1. the original myriad filter with the fixed-point method denoted as FP myriad filter, this is
the reference filter,
2. the proposed 2nd order approximation myriad filter, denoted as Appr myriad filter.
The efficiency of the proposed method to filter ECG signals in impulsive environment was
stated for the constant filter’s window length and N = 21.
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Fig. 3: The MSEave value for α = 1.7 and α = 1.8, solid line – myriad filter and fixed-point
method, dotted line – myriad filter and approximated method
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Fig. 4: The MSEave value for α = 1.9 and α = 2.0, solid line – myriad filter and fixed-point
method, dotted line – myriad filter and approximated method
4.1
Selection of the linear parameter K
The myriad filter operation is controlled by tunning the linearity parameter K. This parameter is necessary to proper work of the myriad filter. The idea of estimation method the K
parameter comes from [6]. In order to make the estimation of myriad filter output more simpler,
the following method of estimation the linear parameter K is proposed. This can be describe
as follows:
1. for each sliding window of the myriad filter, find
Kn = max |xi − xj | |N
i,j=1
i6=j

where N - is the filter length.
2. then calculate Kadapt as:
Kadapt =

1
min Kn |M
n=1

(13)

(14)

where M - is the signal length.
Now, having Kadapt the myriad filter samples can be calculated according the proposed method.
The effectiveness of this method is presented in the figure 5. In order to compare this method
Kopt is calculated as Kopt = min MSE(K) where K = (0.001, 0.002, 0.005, 0.01, 0.02, 0.05, 0.1,
0.2, 0.5, 1, 2, 5) and for α from the range h1, 2i.
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Fig. 5: Comparison of the proposed method of estimation the linear parameter K, solid line myriad filter (FP) with Kopt parameter, dashed line - myriad filter (Appr) with Kopt parameter
and dotted line - myriad filter (Appr) with K parameter calculated according eq. (13) and (14).
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Fig. 6: The example of filtering signal with the FP myriad (upper plot) and the Appr myriad
(lower plot) filters.
4.2
Results of filtering
The proposed algorithm for a myriad filter output estimation leads to obtaining the comparative or even better results with the reference myriad filter calculated with fixed-point method.
For all values of α and K investigated filters lead to obtaining nearly the same value of MSE.
When K ≤ 0.2 the myriad filter Appr leads to obtaining the smallest value of MSE in comparison to the FP myriad filter. It can be seen in figures 3 and 4. In these cases a Appr filter
shows the highest accuracy of filtering. When K ≥ 0.5, then MSE values obtained for the
Appr myriad filter are a little greater than MSE values obtained for the FP myriad filter.
The selection of K parameter leads to obtain comparative results when 1 ≤ α ≤ 1.2, but
when α ≤ 1.3 the proposed method leads to obtain greater values of MSE than for Kopt estimations.

5

Conclusions

The new method of computation of the myriad filter output is proposed. This method is based
on the least square approximation with the 2nd order polynomial. Knowing the coefficients
of the approximation polynomial the top of parabola is calculated. Obtained coordinate x
corresponds to the output of myriad filter in the running window of the length N . In order to
prevent algorithm from outliers the filter window length is reduced. And two conditions are
described which should be checked for correct use of the proposed computation method. This
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conditions allow to find an accurate value of the output of running window.
The experiments performed show that introduced filters are effective in suppression of muscle noise in ECG signal. The proposed polynomial approach to computation of the myriad filter
output can effectively operate in wide range of the linear parameter K and the characteristic exponent α. The proposed method offers the comparative or better results of filtering signals in an
impulsive environment than the reference myriad filter with the fixed-point searching method.
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