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Abstract: Cardiac signals are often corrupted by artefacts like power line interference (PLI)
which may mislead the cardiologists to correctly diagnose the critical cardiac diseases. The
cardiac signals like high resolution electrocardiogram (HRECG), ultra-high frequency ECG
(UHF-ECG) and intracardiac electrograms are the specialized techniques in which higher
frequency component of interest up to 1 KHz are observed. Therefore, a state space recursive
least square (SSRLS) adaptive algorithm is applied for the removal of PLI and its harmonics.
The SSRLS algorithm is an effective approach which extracts the desired cardiac signals
from the observed signal without any need of reference signal. However, SSRLS is inherited
computational heavy algorithm; therefore, filtration of increased number of PLI harmonics
bestow an adverse impact on the execution time of the algorithm. In this paper, a parallel
distributed SSRLS (PD-SSRLS) algorithm is introduced which runs the computationally
expensive SSRLS adaptive algorithm parallely. The proposed architecture efficiently removes
the PLI along with its harmonics even the time alignment among the contributing nodes is not
the same. Furthermore, the proposed PD-SSRLS scheme provides less computational cost as
compared to sequentially operated SSRLS algorithm. A comparison has been drawn between
the proposed PD-SSRLS algorithm and sequentially operated SSRLS algorithm in term of
qualitative and quantitative performances. The simulation results show that the proposed
PD-SSRLS architecture provides almost same qualitative and quantitative performances than
that of sequentially operated SSRLS algorithm with less computational cost.

Keywords: Adaptive noise cancellation, Cardiac signal processing, PD-SSRLS, Power line
interference, State space adaptive filter.

Introduction
From the last two-decades, cardiac signal processing plays vital role for the diagnosis and
prognosis of major critical heart ailments like cardiac ischemia, cardiomyopathies, myocar-
dial ischemia and infarction, sudden cardiac death (SCD), atrial and ventricular abnormali-
ties, ventricular electrical dyssynchrony (e-DYS), pericarditis and heart rate variability (HRV),
etc., [5, 8, 24]. However, due to multifaceted morphology and nonstationary nature of abnor-
mal cardiac signals, most of cardiologists are still struggling to precisely recognize explicit
biological markers and fiducial points under observational noise. Advancement in innovative
technology leads to acquire high resolution electrocardiogram (HRECG) with bandwidth upto
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500 Hz and ultra-high frequency ECG (UHF-ECG) having frequency upto 1000 Hz both are
used for prognosis of SCD and e-DYS, respectively [10,15,16,27,32]. Therefore, due to wider
bandwidth of cardiac signal like; HRECG, UHF-ECG as compared to standard ECG signal
(0-80 Hz), the cardiac signal becomes more susceptible to Power line Interference (PLI) as an
external noises. On the other hand, the cables in cardiac monitoring room which carry car-
diac signals are prone to electromagnetic interference (EMI) due to main power supply lines
or sockets and this factor cannot be evaded completely even if the device has very high com-
mon mode rejection; likewise, PLI frequency (50 Hz or 60 Hz) and its harmonics overlapping
with the useful spectrum of cardiac signal, overwhelms tiny features that may be critical for
clinical monitoring and diagnosis. Therefore, removal of such PLI signal without effecting the
underlying cardiac activity becomes a challenging task.

Various approaches have been introduced in literature to remove PLI noise from the observed
cardiac signals [6, 28, 29, 34, 42–44]. Among these approaches, notch filtering is one of the
most simple and conventional technique to remove PLI noise from the observed cardiac sig-
nals [29, 34, 42]. The notch filter uses the infinite impulse response (IIR) filter which provides
smaller filter order as compared to finite impulse response (FIR) filter, but it causes the non-
linear phase distortion [6, 28, 43, 44]. Furthermore, the notch filter may remove the underlying
cardiac signal components along with PLI, which could mislead the results especially in case
of aforementioned critical diseases.

Various other approaches which are used for cardiac signal denoising are based on signal de-
composition techniques, e.g., empirical mode decomposition (EMD) [38, 39], eigen value de-
composition (EVD) [14] and Fourier decomposition method [4, 19, 36, 37]. In EMD and its
modified algorithms [1, 30], the observational noise is decomposed into different levels of de-
tail coefficients called intrinsic mode functions (IMFs). Therefore, removing of baseline wander
(BW) and PLI noise means setting these IMFs to zero which leads to loss of significant underly-
ing cardiac activity. Likewise, in EVD [35], the estimated observational noise eigenvectors are
removed simultaneously which also eradicate some critical features of cardiac signals. On the
other hand, in Fourier decomposition method the signal is decomposed into different frequency
bands [40]. However, for removal of PLI noise, the complete band is removed which bestow a
critical impact on the acquisition of desired signal. The subtraction procedure also efficiently
removes the PLI noise from cardiac signal and it even handles the drifts in amplitude and fre-
quency of PLI interference signal very well [20, 25, 26].

To overcome such problem, adaptive filtration techniques have been introduced in the litera-
ture to better handle and retain the underlying cardiac activity intact [11, 13]. In this context,
Widrow et al. [45] introduced the concept of adaptive noise cancellation (ANC) and Glover [9]
applied ANC for PLI removal by adaptively tracking of PLI sinusoids with known parame-
ters like amplitude, phase and frequency. Later on, authors in [23] modified ANC technique
for two unknown parameters like amplitude and phase of PLI signal while the frequency is
known. Likewise, Satija et al. [33] modified ANC algorithm for all three unknown parameters.
Therefore, the ANC approaches need of reference signal, makes medical devices expensive.
To overcome the problem related to the acquisition of reference signal, authors in [2, 3, 18]
implemented ANC without sampling reference signal for eliminating PLI noise. Moreover, au-
thors in [31] introduced state space recursive least square (SSRLS) filtering algorithm which
provides fast convergence performance as compared to gradient and recursive based adaptive
algorithm. The SSRLS algorithm effectively handles the frequency drifts and removes the PLI
and its harmonics for HRECG signal (upto 500 Hz) on behalf of higher computational cost.
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The computational cost of SSRLS algorithm significantly increases with the increase in number
of harmonics which provides a critical impact on its real time implementation.

In this paper, the scope of [32] is extended by making it feasible for HRECG signal and UHF-
ECG signal having frequency components up to 500 Hz and 1000 Hz, respectively. For these
cardiac signals, one needs to filter out the fundamental component of PLI and its harmonics up
to 500 Hz and 1000 Hz which are present in the observed signals. In this context, the parallel
distributed SSRLS (PD-SSRLS) architecture is introduced. The proposed architecture runs
the SSRLS algorithm in parallel fashion using non-aligned time indexes. The proposed PD-
SSRLS algorithm provides less computational cost with almost same performance as compared
to sequentially operated SSRLS algorithm.

Materials and methods
State space model of PLI
When the cardiac signal is corrupted by PLI signal at time instant n can be modeled as:

y[n] = xclean[n]+ I[n], (1)

where y[n] is the contaminated signal, xclean[n] is pure cardiac signal and I[n] is the PLI signal
which can be defined as:

I[n] =
M

∑
i=1

aisin(2π f i∆T n+θi), (2)

where M shows the total number of harmonics of PLI signal, ai is the amplitude of ith harmonic
component, f is fundamental frequency component, ∆T is the sampling period and θi is the
phase of ith harmonic. The PLI signal for fundamental frequency at i = 1 can be expressed as:

I[n] = a1sin(ωn+θ1), (3)

where ω = 2π f ∆T is the frequency in rad/sec. The state space representation of PLI model of
1st harmonic given in Eq. (3) has two states which can be written as:

x1[n] = a1sin(ωn+θ1),
x2[n] = a1sin(ωn+θ1 +π/2) = a1cos(ωn+θ1).

(4)

With the help of trigonometric identities, the Eq. (4) can be rewritten as:

x1[n] = a1sin(ωn)cos(θ1)+ a1cos(ωn)sin(θ1),
x2[n] = a1cos(ωn)cos(θ1)−a1sin(ωn)sin(θ1).

(5)

Rewrite Eq. (5) in matrix form, we get[
x1[n]
x2[n]

]
=

[
cos(ωn) sin(ωn)
−sin(ωn) cos(ωn)

][
a1sin(θ1)
a1cos(θ1)

]
. (6)

The initial conditions at n = 0, Eq. (6) can be expressed as:

x1[0] = a1sin(θ1),
x2[0] = a1cos(θ1).

(7)
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Putting the initial conditions as defined in Eq. (7) into Eq. (6) at k = 0, we have[
x1[1]
x2[1]

]
=

[
cosω sinω

−sinω cosω

][
x1[0]
x2[0]

]
. (8)

Likewise, the generalized form for n > 1 can be expressed as:[
x1[n+ 1]
x2[n+ 1]

]
=

[
cosω sinω

−sinω cosω

][
x1[n]
x2[n]

]
. (9)

Ideally, the main power lines comprise only fundamental frequency component of 50 or 60 Hz
(depends on the regional area). However, in practical situation the integer multiple of funda-
mental frequency component called harmonics are also present. Due to half wave symmetry
property the power line system has only odd harmonics [7]. Therefore, the generalized PLI
state space model for M harmonics can be expressed in (10):

x1[n+ 1]
x2[n+ 1]

...
x2M−1[n+ 1]
x2M[n+ 1]

=


cosω sinω · · · 0
−sinω cosω · · · 0

...
... . . . ...

0 · · · cosMω sinMω

0 · · · −sinMω cosMω




x1[n]
x2[n]

...
x2M−1[n]
x2M[n]

 . (10)

Proposed methodology
SSRLS algorithm
The SSRLS adaptive algorithm is based on state space model which provides good tracking
capability with high accuracy [22,31]. The unforced discrete time state space model for removal
of PLI noise using SSRLS adaptive filter can be written as:

x[n+ 1] = Ax[n],
y[n] = cx[n]+ v[n],

(11)

where x[n] is a state vector at time index n, y[n] is the observed output, v[n] is the observation
noise, A shows the state transition matrix which should be invertible and c is output vector that
should be full rank and their pair (A,c) is assumed to be l-step observable [22]. The predicted
state x̄[n] which is based on the a priori estimated state x̂[n−1] can be defined as:

x̄[n] = Ax̂[n−1]. (12)

Similarly, the predicted output ȳ[n] and the prediction error ε [n] can be defined as:

ȳ[n] = cx̄[n],
ε [n] = y[n]− ȳ[n].

(13)

The SSRLS is a recursive algorithm which recursively estimates the state x̂[n] given that the
prior estimated state x̂[n− 1] on advent of observation y[n]. The SSRLS adaptive algorithm
updates the states and can be expressed as [22]:

x̂[n] = x̄[n]+k[n]ε [n], (14)
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where k[n] is the observational gain. Likewise, estimated output ŷ[n] and the estimated error
e[n] can be defined as:

ŷ[n] = cx̂[n],
e[n] = y[n]− ŷ[n].

(15)

The observational gain which can be determined through least square method can be expressed
as:

k[n] = Φ−1[n]cT, (16)

where Φ[n] is autocorrelation matrix and it can be written in form of recursively updated dif-
ference Lyapunov equation as:

Φ[n] = λA−TΦ[n−1]A−1 + cTc, (17)

where 0 < λ < 1 is the forgetting factor which controls the rate of convergence of adaptive
filter. With the help of matrix inversion lemma and some algebraic manipulation the inverse of
Φ−1[n] can become the Riccati equation as [12]:

Φ−1[n] = λ
−1AΦ−1[n−1]AT − λ

−2AΦ−1[n−1]ATcT ×
× [I +λ

−1cAΦ−1[n−1]ATcT]−1cAΦ−1[n−1]AT.
(18)

Finally, the state space representation of sequentially operated SSRLS can be expressed as [22]:

w[n+ 1] = λA−Tw[n]+ cTy[n],

x̂[n] = λ Φ−1[n]A−Tw[n]+k[n]y[n],
(19)

where w[n] is the process state vector, y[n] is the input to the system, x̂[n] is the output and the
quadruplet (λA−T,cT,λ Φ−1[n]A−T,k[n]) represent the state space matrices.The flow diagram
of sequentially operated SSRLS algorithm is shown in Fig. 1.

Fig. 1 Working of SSRLS adaptive filter in sequential form
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Table 1. SSRLS adaptive filter

Initialize: w[n], λ , k[n−1], Φ[n−1]

w[n+ 1] = λA−Tw[n]+ cTy[n]
x̂[n] = λ Φ−1[n]A−Tw[n]+k[n]y[n]
k[n] = Φ−1[n]cT

Φ−1[n] = λ−1AΦ−1[n−1]AT ×
×λ−2AΦ−1[n−1]ATcT ×
× [I +λ−1cAΦ−1[n−1]ATcT]−1 ×
× cAΦ−1[n−1]AT

The estimated noise free cardiac signals x̂clean[n] can be obtained by taking the difference of
estimated output signal ŷ[n] and the contaminated cardiac signal y[n], which can be written as:

x̂clean[n] = y[n]− ŷ[n]. (20)

Likewise, the summarized form of sequentially operated SSRLS adaptive filter algorithm is
shown in Table 1.

Proposed parallel distributed system model
In conventional SSRLS algorithm, all filter parts are interdependent on each other which makes
the algorithm to run in cascade fashion. However, in proposed PD-SSRLS algorithm, all fil-
ter parts are capable to work in parallel fashion and this has been done by putting time non-
alignment among the parts of the algorithm. While setting the time non-alignment among the
participating parts of the algorithm, it must be noted that the behavior of the filter is not un-
certain while it is implemented on desired application, secondly, all the filter parts are able to
operate in parallel fashion. The flow diagram of proposed PD-SSRLS is depicted in Fig 2,
which consists on four processing nodes, i.e., N1, N2, N3 and, N4.

Fig. 2 Proposed parallel distributed architecture

The notation “Tx” represents the processing time used in processing node x. The processing
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time taken by the nodes N1, N2, N3 and N4 are based on the process states wn, estimated output
x̂n, the observation gain kn, the autocorrelation matrix Φn, be Tw, Tx̂, Tk, TΦ, respectively.

Consequently, the overall time required by SSRLS algorithm when it operates sequentially can
be written as:

Ttot = Tw +Tx̂ +Tk +TΦ. (21)

Here TΦ is the maximum contributor in overall processing time, the strict and sufficient condi-
tion based on multiplication and addition computations with respect to fast convergence perfor-
mance can be defined as:

Tw,Tx̂,Tk ≤ TΦ. (22)

The mismatch factor ξ between the aligned and nonaligned time indexes can be defined as:

ξ = ‖εseq− εNA‖, (23)

where εseq and εNA are the errors based on sequentially operated SSRLS algorithm and proposed
PD-SSRLS algorithm, respectively.

Computational complexity
The computational cost of an algorithm provides significant importance particularly in real-time
applications. In this section, the complexity comparison of sequentially and parallel operated
SSRLS algorithms are discussed. The complexity of state space representation of sequentially
operated SSRLS algorithm as mentioned in Eq. (19) is given in Table 2; while, Table 3 furnishes
the complexity of Eqs. (16) and (18), respectively. In the sequentially operated SSRLS adaptive
filter based on Eqs. (16), (18) and (19) requires 2n3 +9n2 +5n multiplications and 2n3 +5n2−
4n+ 1 additions per iteration, where n shows the system order.

The proposed PD-SSRLS architecture shows less computational cost as compared to sequen-
tially operated SSRLS algorithm. The proposed algorithm requires parallely 2n3 + 5n2 + 2n
multiplications and 2n3 + n2−2n+ 1 additions per iteration at maximum. However, in case of
sequentially operated SSRLS adaptive filter, the node N3 based on Φ[n] provides the maximum
computational cost as compared to other nodes is presented in Table 3. The summarized form
of complexity comparison between sequentially operated SSRLS and proposed PD-SSRLS al-
gorithms is presented in Table 4. It can be seen that the proposed architecture provides reduced
complexity as compared to sequentially operated SSRLS algorithm.

Performance parameters
Besides the visual inspection, a quantitative measures for the efficiency of the filtering methods
and the clinical acceptability of the reconstructed signal both are employed to provide accurate
accessions on the proposed approach. Consequently, four performance evaluation indexes are
employed to compare the original (noise-free) cardiac signal with the filtered signal. Therefore,
among of these performance metrics, the suppression ratio can be written as [21]:

γ = 10log10

{
‖y‖2

2

‖x̂clean‖
2
2

}
, (24)

where y is the contaminated cardiac signal and x̂clean is the filtered signal. In case of highly
corrupted cardiac signal (low input SNR), the value of suppression ratio γ should be observed
as high as possible.
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Table 2. Computational complexity of Eq. (19)

Eq.# Operation Multiplications Additions/ Division
Subtractions

∗ dn×1 = λ1×1An×nw[n]n×1 n2 n2−n –
en×1 = cT [n]n×1y[n]1×1 n – –

(19a) w[n+ 1]n×1 = dn×1 + en×1 – n –

n2 + n n2 –

fn×1 = n[n]n×1y[n]1×1 n – –
gn×1 = A−T

n×nw[n]n×1 n2 n2−n –
hn×1 = λ1×1Φ−1[n]n×ngn×1 n2 + n n2−n –

(19b) x̂[n]n×1 = hn×1 + fn×1 – n –

2n2 + 2n 2n2−n –

Grand total 3n2 + 3n 3n2−n –
∗ λ1×1An×n computed offline

Table 3. Computational complexity of Eqs. (16) and (18)

Eq.# Operation Multiplications Additions/ Division
Subtractions

(16) n[n]n×1 = Φ−1[n]n×ncT [n]n×1 n2 n2−n –

Pn×n = An×nΦ−1[n−1]n×nAT
n×n 2n3 2n3−2n2 –

Qn×n = λ
−1
1×1Pn×n n2 – –

rn×1 = Qn×ncT [n]n×1 n2 n2−n –
s1×n = c[n]1×nPn×n n2 n2−n –
t1×1 = c[n]1×nrn×1 n – –
u1×1 = I1×1 + t1×1 – 1 –
v1×1 = u−1

1×1 – – 1
l1×n = v1×1s1×n n – –
Mn×n = λ1×1rn×1l1×n 2n2 – –

(18) Φ−1[n]n×n = Qn×n−Mn×n – n2 –
Total 2n3 + 5n2 + 2n 2n3 + n2−2n+ 1 1

Grand total 2n3 + 6n2 + 2n 2n3 + 2n2−3n+ 1 1

Table 4. Comparison of computational complexity

Algorithm Multiplications Additions/Subtractions Division

Sequentially operated SSRLS 2n3 + 9n2 + 5n 2n3 + 5n2−4n+ 1 1

Proposed PD-SSRLS 2n3 + 5n2 + 2n 2n3 + n2−2n+ 1 1

Secondly, the Pearson’s correlation coefficient is computed which can be expressed as [41]:

ρ =
E
[
xcleanx̂clean

]
σxcleanσx̂clean

, (25)
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where σxclean and σx̂clean both are the standard deviation of pure noise-free cardiac signal and
denoised signal, respectively.The value of correlation coefficient shows the shape similarity of
the filtered signals to original noise-free cardiac signals. The E[·] operator is the expectation
operator and can de defined as:

E(x) = ∑xp(x),

where p(x) is the probability of discrete time random variable.

Furthermore, the well known SNR and mean square error (MSE) are expressed as [4]:

SNRout = 10log10

{
σ2

xclean

σ2
(xclean−x̂clean)

}
, (26)

MSE =
1
N

N

∑
n=1

(xclean[n]− x̂clean[n])2, (27)

where x[n] is the pure noise-free cardiac signal. The output SNR should be high because the
remaining interference should be as low as possible. On the other hand, the MSE defines how
closer is the recovered signal to the clean signal.

Results and discussions
In this section, both the qualitative and quantitative based results are presented. The proposed
PD-SSRLS algorithm is then compared with the sequentially operated SSRLS adaptive filter.
To substantiate the validation of proposed algorithm, three types of cardiac signals are used in
this study, i.e., HRECG, UHF-ECG and IEGM. The HRECG and atrial IEGM signals both are
acquired from National Institute of Heart Diseases (NIHD) having sampling rate of 1000 sam-
ples/s and 2000 samples/s, respectively. While UHF-ECG signal used in this paper is provided
by Dr. Pavel Jurak having sampling rate of 5000 samples/s [16].

Qualitative performance
The normalized two second segment of pure HRECG signal and its frequency spectrum are
shown in Fig. 3. In Fig. 3(b), the frequency spectrum shows that the recorded HRECG signal
has no PLI component and its harmonics however, it contains high frequency contents. Removal
of these high frequency contents is not within the scope of this paper and the existence of these
high frequency contents does not affect the performance of the proposed architecture.

To validate the qualitative performance of proposed algorithm, the PLI noise having funda-
mental frequency of 50 Hz and its next four odd harmonics are considered. The normalized
magnitude of 1st, 3rd, 5th, 7th and 9th harmonic components along with composite PLI signal is
shown in Fig. 4. Furthermore, the contaminated HRECG signal having SNR value of 3 dB is
shown in Fig. 5. The PLI contaminated HRECG signal is the mixture of compound PLI signal
and pure HRECG signal. On the other hand, the frequency spectrum of contaminated HRECG
clearly depicts the harmonics as an odd integer multiple of 50 Hz are illustrated in Fig. 5(b).

For PLI signal having five harmonic components (including fundamental) the system matrix A
entail the dimensions of 10×10. Likewise, the state vector w requires 10×1 and the observa-
tional vector c entails 1× 10. For tracking of 1st, 3rd, 5th, 7th and 9th harmonics of PLI, the c
vector in (15) can be chosen as:

c =
[

1 0 1 0 1 0 1 0 1 0
]

. (28)
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Fig. 3 Pure HRECG signal with sampling rate 1000 samples/s and its frequency spectrum

Fig. 4 The amplitude scale of odd harmonics in composite PLI signal

The SSRLS adaptive filter updates the states based on recursive approach; therefore, initial-
ization of the parameters like λ , x̂[0], Φ−1[0], and n[0] are required. For the simulation
purpose, these parameters are initialized as λ = 0.9999, x̂[0] = [0 0 0 0 0 0 0 0 0 0]T and
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(a) PLI corrupted HRECG
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Fig. 5 The contaminated HRECG signal with fundamental component
and odd harmonics of PLI interference and its frequency spectrum

Φ−1[0] = δ I + ccT, where δ is taken as 0.1 and Φ−1[0] can be represented as:

0.1 0 0 0 0 0 0 0 0 0
0 0.1 0 0 0 0 0 0 0 0
0 0 0.1 0 0 0 0 0 0 0
0 0 0 0.1 0 0 0 0 0 0
0 0 0 0 0.1 0 0 0 0 0
0 0 0 0 0 0.1 0 0 0 0
0 0 0 0 0 0 0.1 0 0 0
0 0 0 0 0 0 0 0.1 0 0
0 0 0 0 0 0 0 0 0.1 0
0 0 0 0 0 0 0 0 0 0.1


.

The initial observer gain k[0] can be identified by using Φ−1[0]. The frequency spectrum of
adaptively tracking of PLI signal by using proposed PD-SSRLS architecture is shown in Fig. 6.
It can be seen that the proposed architecture provides good tracking for all these five harmonics
components (including fundamental) of PLI signal.

Furthermore, a 10 seconds segment of pure and contaminated HRECG signal is shown in Fig. 7.
It can be observed that the proposed PD-SSRLS architecture provides the same tracking perfor-
mance as compared to SSRLS algorithm.

Likewise, UHF-ECG and IEGM based clean and corrupted with PLI signals are shown in Fig. 8
and Fig. 9, respectively. It can be observed that the proposed architecture provides the same
tracking performance than that of sequentially operated SSRLS algorithm.
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Fig. 7 Filtration comparison between Proposed PD-SSRLS
and sequentially-operated SSRLS for HRECG signal

Furthermore, Fig. 10 shows the PLI corrupted HRECG signal with abrupt and linear change
in amplitude. It can be realized that both the proposed PD-SSRLS and sequentially-operated
SSRLS algorithms take approximately 500 ms to track the abrupt deviation in amplitude of PLI
signal and provides same convergence performance in case of linear deviation in amplitude of
PLI interference signal.
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Fig. 9 Filtration comparison between Proposed PD-SSRLS
and sequentially-operated SSRLS for HRA-IEGM signal
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Fig. 10 Filtration comparison of proposed PD-SSRLS and sequentially-operated SSRLS
algorithm with abrupt and linear change in amplitude of PLI signal

The state space adaptive filter tracks the amplitude of PLI signal based on given frequency
therefore, to estimate the change in frequency, the intelligent DFT (IDFT) technique mentioned
in [32] is applied. The abrupt and linear change in frequency of PLI based corrupted cardiac
signals are shown in Fig. 11. In Fig. 11(a) it can be realized that both the proposed PD-SSRLS
and sequentially-operated SSRLS algorithms take approximately one second to adaptively track
the abrupt frequency deviation. This extra 500 ms delay is because of the time taken by IDFT
to estimate the frequency of PLI signal. Furthermore, the tracking performance of proposed
PD-SSRLS adaptive filter in term of linear change in frequency of PLI signal is also the same
than that of sequentially-operated SSRLS algorithm which is clearly depicted in Fig. 11(b).

The PLI based contaminated cardiac signal having both abrupt change in amplitude and fre-
quency at different time instances is presented in Fig. 12. The zoomed error clearly depicts that
the proposed PD-SSRLS provides almost the same convergence performance as compared to
sequentially-operated SSRLS algorithm.

Quantitative performance
In this section, the proposed PD-SSRLS technique is compared with that of sequentially oper-
ated SSRLS adaptive filter and subtraction procedure in terms of suppression ratio, correlation
coefficient factor, the output SNR and MSE.

The performance criteria of the suppression ratio γ with respect to various SNR values is com-
pared in Fig. 13. It can be analyzed that the proposed PD-SSRLS algorithm has the same
suppression ratio as of sequentially operated SSRLS.

In case of critical cardiac diseases like SCD, e-DYS and HRV, the shape or pattern of cardiac
signal helps the cardiologist in clinical prognosis and diagnosis. Therefore, to measure the
shape distortion due to PLI interference the correlation coefficient provided by the proposed
PD-SSRLS and sequentially-operated SSRLS algorithm are compared in Fig. 14. It is observed
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Fig. 12 Filtration comparison of proposed PD-SSRLS and sequentially-operated SSRLS
algorithm with both abrupt change in amplitude and frequency of PLI

that the proposed architecture has almost negligible impact in term of shape distortion, while
the overall correlation coefficient factor of SSRLS adaptive filter for PLI removal is very high
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even when the corrupted HRECG has a input SNR of –25dB.
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Furthermore, the comparison between the proposed PD-SSRLS and sequentially operated SS-
RLS approach for output SNR and MSE are shown in Fig. 15 and Fig. 16, respectively. It can
be seen that the output SNR and MSE provided by proposed PD-SSRLS architecture is slightly
less than that of sequentially operated SSRLS algorithm. To operate the SSRLS algorithm in
parallel fashion on individual platforms with different clock system is by putting the time as
nonaligned [17]. Therefore, due to time nonaligned indexes, the performance in terms of output
SNR and MSE of proposed PD-SSRLS is slightly less than that of sequentially operated SSRLS
adaptive algorithm.
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The quantitative performance of proposed PD-SSRLS algorithm in terms of suppression ratio,
correlation coefficient factor, the output SNR and MSE is almost same as that of sequentially-
operated SSRLS for various input SNR. Furthermore, the statistical analysis has been drawn be-
tween the proposed PD-SSRLS algorithm and sequentially-operated SSRLS algorithm in terms
of performance parameters on large dataset of different types of cardiac signal. The dataset
includes 81 recordings of HRECG signal, 360 recordings UHF-ECG signal and 22 recordings
of IEGM signal. The results clearly depicts that the proposed PD-SSRLS algorithm has almost
the same quantitative performance in terms of suppression ratio, correlation coefficient factor,
the output SNR and MSE as shown in Figs. 17-20, respectively.
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Fig. 17 Statistical analysis
of suppression ratio

Fig. 18 Statistical analysis of
correlation coefficient

Fig. 19 Statistical analysis of output SNR Fig. 20 Statistical analysis of MSE

Conclusion
In this paper, a processing efficient distributed framework has been proposed which runs the
computationally expensive state space recursive least square (SSRLS) adaptive algorithm par-
allely. The proposed parallel distributed SSRLS (PD-SSRLS) efficiently removes the PLI along
with its harmonics even the time alignment among the contributing nodes is not the same.
The proposed PD-SSRLS technique has been compared with that of sequentially operated SS-
RLS in terms of computational cost, convergence performance. The simulation results show
that the proposed PD-SSRLS architecture provides less computational cost as compared to se-
quentially operated SSRLS algorithm. Furthermore, it has been observed that the qualitative
and quantitative analysis of proposed PD-SSRLS exhibits nearly identical the performance to
preserve the underlying cardiac activity as compared to sequentially operated SSRLS adaptive
filter.
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