Atrial Activity Enhancement by Blind Sparse Sequential Separation
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Abstract

Blind Source Separation (BSS) has been probed as one
of the most effective techniques for the atrial activity (AA)
extraction in supraventricular tachyarrhythmia episodes
like atrial fibrillation (AF). In these situations, the regis-
tered episodes with only a few leads are noisy and time-
varying and previous stages for sparse separation have
been demonstrated as necessary. Including wavelet trans-
form de-noising and natural gradient algorithm for the
BSS system can improve the extraction quality with low
computational load. Synthetic signals have been used to
test the proposed technique in different noisy cases. The
obtained cross-correlation coefficients with sparse sequen-
tial separation between the extracted signal and the origi-
nal ones exceed the 94% in contrast with the obtained re-
sults using standalone BSS method. The easy and fast im-
plementation and the minimum required reference recor-
dings of the same ECG are some of the main advantages
of this technique and make the application in real time sys-
tems possible.

1. Introduction

Atrial fibrillation (AF) is one of the most common
arrhythmias and causes the highest number of admissions
in casualty department of hospitals.

The prevalence of this supraventricular tachyarrhythmia
is estimated at 0.4% of the general population and the me-
dian age of the AF patients is 75 years. The incidence
increases with the age [1] and is slightly more common in
women [2, 3]. About 1% of the people above 60 years suf-
fer from AF. These numbers raise by 6% in people above
80. AF is relatively rare in the people above 20 years.

Symptoms associated with AF depend on several factors
but most patients experience palpitations, chest pain, light-
headedness, presyncopes, dizziness, fatigue and dyspnea.
Clearly, this arrhythmia may directly impact the quality of
life. Nowadays, the treatment and analysis of AF is not
completely satisfactory, and the high levels of morbidity,
mortality and associated costs give rise to many scientific
works and publications about this theme [4].

0276-6547/05 $20.00 © 2005 IEEE

Blind Source Separation (BSS) has been probed as one
of the most effective techniques for the atrial activity
(AA) extraction in supraventricular tachyarrhythmia epi-
sodes like atrial fibrillation (AF) [5], [6]. Nevertheless, the
reduced number of used reference signals (leads) and the
presence of noise can decrease the efficiency of these me-
thods.

In recent works, a wavelet stage of de-noising has been
proved as a very efficient preprocessing technique which
improves the performance of certain BSS applications [7],
[8]. The definition of the observed mixtures in the wavelet
domain reduces the gaussian features of these signals and
speeds up the convergence.

1.1.  BSS principles

BSS, as a processing tool, is able to recover signals from
a linear combination of these sources without any a priori
knowledge [9]. The simplest model of BSS takes on the
presence of n statically independent signals and n obser-
ved linear and instantaneous mixtures. In this work, the
independence and nongaussianity of the atria and ventricle
as signal sources is taken on. Recent works have studied
the propagation mechanisms and uncoordinated atrial acti-
vation of the AF to demonstrate this assumption [10].

The Independent Component Analysis (ICA) based on
higher order statistics is the most extended support for the
different methodologies that solve the problem of BSS.
The BSS model in its more compact form is given by

x(t) =Y ai; - (1)) 6))

j=1

x(t) = A -s(t) @

where, s(t) is a vector of n x 1 columns which contains
the estimated sources, x(¢) is the vector of the mixtures
and A is the square mixing matrix. As BSS tries to recover
s(t) from the observations, x(t) is necessary to estimate
the matrix A. If the ICA methods can estimate the separa-
tion matrix, the independent sources can be expressed as
follows
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8(t) = y(t) = B x(t) 3)
where §(t) is the vector of estimated sources and B is the
separation matrix that recovers the independent sources.

1.2. Wavelet Transform principles

Wavelet analysis is used to transform the signal under
investigation into another representation that presents the
signal information in a more useful form, joining spectral
and temporal analysis [11].

Mathematically speaking, the Wavelet Transform (WT)
is a convolution of the wavelet function 1), 3 (a dilated and
displaced version of the “mother wavelet” 1), where the
parameters a and b indicate scale and translation, respecti-
vely) with the signal x(t).

The discrete wavelet transform (DWT) results from dis-
cretizing scale and translation parameters. The definition
of parameters as a = 27 and b = k - 27 leads to the dyadic
DWT (DyWT), expressed as (4).
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1.3. Database

Synthetic sinus rhythm episodes obtained with the
EcgSyn software from Physionet [12] have been used to
test the proposed technique in different noisy cases (no
noise, 10 dB and 5 dB signal to noise ratio (SNR)). P wave
has been removed in all these episodes and a synthesized
AF signal has been added using linear combination with
randomly generated matrixes, according with the studies
and references of several authors [13]. These registers have
four leads and the synthesis process can be observed in Fi-
gures 1-2 and Equation (5),

d=M:s, 5)

where, d = [D1, D, D3, D4] is the vector of synthetic AF
episodes, sy= [s1, 2] contains the simulated atrial and
ventricular activities and M is the random combination
matrix. The final configuration of the database is shown
in Table 1.

Table 1. Registers in database
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12

Real registers
16

938

0.6f 1
04f 1
02t 4

-02F g
=041~ Atrial Activity: Modulated Sinusoid 7
~06F E

I I I I I I I I I
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Ventricular Activity: EcgSyn

I
0 500

I
3500

I I I I
2500 3000 4000 4500

Samples

1(;00 15‘00 20‘00
Figure 1. Original sources: atrial (Modulated Sinusoid)
and ventricular activity (EcgSyn, P wave removed).
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Figure 2. Example of Synthetic AF episode with Gaussian
noise at 10 dB SNR (Four Leads).

2. Methods

Taking the classic definition of the BSS problem as a
starting point, Equation (2), the wavelet coefficients of
each signal can be expressed as:

co = Y x(D)¥(t) ©)

cs = s(t)v(t) @)

where ¢, and ¢, represent the wavelet coefficient vectors of
the mixtures and the original sources respectively. Using
a de-noising stage, some of these coefficients become zero
and the decomposition can be considered as optimal. After



that, a new formulation of the blind separation problem can
be done:

®)

These new mixtures present higher kurtosis values, be-
coming less Gaussian. According with (3), in the wavelet
domain the estimated sources are expressed by:

c; =A- ¢

€))

Finally, the original sources are obtained with the inverse
wavelet transform of the vectors defined by (9):

s(t) = Z Z sk (t)
7k

The previous process can be applied in consecutive blo-
cks of the input signal. These sequential approach decrea-
ses the computation time up to 85 % and speeds up the
convergence. The optimal length of the blocks is set to
2000 samples.

The function biorthogonal 4.4 and five levels of decom-
position are the wavelet family and the configuration with
the best performance respectively.

Spectral analysis has been used to identify the AA be-
tween the obtained signals. The signal with a principal
frequency peak in the band of 5-8 Hz and higher spectral
concentration in this range -as it is usual in an AF episode-
is identified as AA.

és:ys:B'cm

(10)

3. Results

Both methods have been applied to the registers in Ta-
ble 1 and the final results with their mean value and stan-
dard deviation have been presented in Table 2. The compa-
rison between the obtained AA and the expected one can
be done with the cross correlation coefficients in spectral
(Corr-F) and temporal domain (Corr-T). Other additional
parameters have been considered, for example, principal
peak (fp) and spectral energy concentration in the band of
5-8 Hz (named as SCBP). The high energy concentration
in this band in respect of the total energy is typical in AF
episodes that present a dominant peak in this range. An in-
crease of this concentration involves a greater purity of the
extracted AA and it is considered as quality extraction in-
dex. The Welch’s averaged, modified periodogram method
(50% overlap, Hamming window, NFFT=8192) has been
used to estimate the power spectral density (PSD).

As can be observed in Table 2, the noise presence re-
duce the quality extraction clearly. In the case of noiseless
registers the obtained correlation coefficients and spectral
parameters are very similar in the considered methods but,
when the signal to noise ratio decreases and the noise in-
fluence is more evident, the efficiency of Blind Sparse Se-
paration is better in all aspects.
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The sources identified as AA with the ICA separation
method shows the presence of residual complexes, Fi-
gure 3, this fact explains the low levels of SCBP, Figure 4.

Table 2. Spectral parameters and correlation coefficients
obtained with ICA and Blind Sparse Separation methods
in different noisy cases.

No noise ICA Blind Sparse
fp(Hz) 6.10+0.02 6.10+0.01
SCBP 0.75+0.10 0.7140.08
Corr-F 0.9940.06 0.99+0.11
Coor-T 0.99+0.14 0.98+0.09

10 dB SNR ICA Blind Sparse
fp(Hz) 6.10+0.24 6.10£0.12
SCBP 0.55+0.15 0.69+0.08
Corr-F 0.8540.06 0.9240.11
Coor-T 0.79+0.14 0.98+0.09

5dB SNR ICA Blind Sparse
fp(Hz) 6.10+0.51 6.10£0.36
SCBP 0.4340.10 0.66+0.08
Corr-F 0.69+0.06 0.92+0.11
Coor-T 0.71£0.11 0.954+0.09

4. Discussion and conclusions

As the low pass filter used a preprocessing stage can
impact the performance of ICA methods in the case of AA
extraction from AF episodes, the Blind Sparse Separation
method is presented as an alternative to these traditional
de-noising systems.

The reduction of the gaussian features of the mixtures in
the wavelet domain improves the convergence of the ICA
algorithm. This increase of the computational speed makes
the proposed method suitable for real time applications.

The positive results reported in this paper show that the
Blind Sparse process should be applicable in arrhythmia
detection and analysis, like paroxysmal atrial fibrillation,
which have to be usually detected from Holter systems
where the number of reference signals is reduced.
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Figure 3. Example of estimated sources with ICA (S1-
3) and Blind Sparse Separation (T1-2) in the case of 5 dB
SNR.
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Figure 4. Example of Power Spectral Density of estimated
sources with ICA and Blind Sparse Separation in the case
of 5 dB SNR.
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