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Using Wavelet Bidomain Entropy Analysis
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Abstract

It has been shown that the decrease in the number of
reentries prior to AF termination produces simpler wavefronts into the atrial tissue [2], and f waves, that characterize the ECG in AF, evolve to P waves, which characterize
the normal sinus rhythm [3]. Therefore, the atrial activity
(AA) becomes more organized before AF termination [4]
and, as a consequence, this fact can be used to predict AF
termination when the proper analysis tools are used.
To reduce noise, ventricular residues and any other nuisance signal in the AA, a new methodology based on
wavelet transform (WT) and bidomain sample entropy
(SampEn) is presented in this work. The WT allows to
isolate certain time frequency characteristics of a signal in
limited decomposition coefficients. This fact permits to
observe regularity variations in the AA signal, that would
be left masked in other cases [5]. SampEn was used to
estimate the AA organization in a bidomain way (time
and frequency). This regularity estimator was selected because electrical remodelling in AF is a far-from-linear process [6]. This phenomenon is described as the progressive shortening of effective atrial refractory periods, thus
increasing the number of simultaneous reentries and, as a
consequence, the perpetuation of AF [1].

The ability to predict if an AF episode terminates spontaneously or not is a challenging clinical problem. This
work presents a robust AF prediction method carried out
by estimating, through regularity indexes, the atrial activity (AA) organization increase prior to AF termination.
This regularity variation appears as a consequence of the
decrease in the number of reentries into the atrial tissue.
AA was obtained from surface ECG recordings using an
average QRST template cancellation technique. Wavelet
transform (WT) was used in a bidomain way (time and
frequency) in order to improve organization estimation.
Thereafter, a more robust classification process for terminating and non-terminating AF episodes was developed
making use of two different wavelet decomposition strategies. Finally, the AA organization both in time and wavelet
domains was estimated. Trougth the application of this
strategy, 96% of the terminating and non-terminating analyzed AF episodes were correctly classified.

1.

Introduction

2.

The treatment of Atrial Fibrillation (AF) patients is still
unsatisfactory, which can be attributed to the progressing nature of this arrhythmia and its physiological mechanisms provoking that the onset and the termination of AF
episodes are still unexplained [1]. Moreover, AF episodes
that terminate spontaneously (paroxysmal AF episodes)
are the preceding stage of permanent AF episodes, which
only terminate applying pharmacological, electrical or surgical intervention. Permanent AF patients have a high embolic accidents risk and about 18% of paroxysmal AF degenerate into permanent AF in less than 4 years [1]. Therefore, the early prediction of AF maintenance is crucial, because appropriate interventions may terminate the arrhythmia and prevent AF chronification. In contrast, the spontaneous AF termination prediction could avoid unnecessary
therapy, and consequently, reduce the associated clinical
costs and improve the patient’s quality of life.
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Materials

Fifty electrocardiogram (ECG) Holter recordings of one
minute and two leads (II and V1) available in Physionet [7]
were analyzed. The database included non-terminating AF
episodes (group N), which were observed to continue in
AF for, at least, one hour following the end of the excerpt, and AF episodes terminating immediately after the
end of the extracted segment (group T). Recordings were
divided into a learning and a test set. Next, 10 labelled
recordings of each group composed the learning set. An
optimal threshold, which should allow to discern N from T
episodes, was defined making use of the proposed methodology applied to the learning set. Finally, the test set was
composed with the remaining 30 recordings.
The ECG recordings were preprocessed in order to reduce noise, nuisance interferences and improve later anal-
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ysis. Firstly, baseline wander was removed making use of
bidirectional high pass filtering with 0.5 Hz cutt-off frequency [8]. Secondly, high frequency noise was reduced
with a eight order bidirectional IIR Chebyshev low pass
filtering, whose cut-off frequency was 70 Hz [9]. Finally,
powerline interference was removed through adaptive filtering, which preserves the ECG spectral information [10].

3.

Methods

3.1.

Wavelet transform (WT)

performed. Though a variety of QRST cancellation techniques exist [15, 16], ventricular cancellation in AF recordings is a difficult task which is strongly dependent on
the number of available leads. Therefore, the average
QRST template cancellation method was used, since only
two leads were available [17]. Next, the power spectral
density (PSD) of the residual signal was calculated using
Welch Periodogram. A Hamming window of 4096 points
in length, a 50% overlapping between adjacent windowed
sections and a 8192-points Fast Fourier Transform (FFT)
were used as computational parameters. The frequency
with the largest amplitude within the 3-9 Hz range was selected as the dominant atrial frequency (fp ). Later, a AA
wavelet decomposition was performed and two alternatives for processing the obtained wavelet coefficients vectors were proposed in order to reduce ventricular residues
and noise, which are provoked by differences between average QRST complex and each individual beat.
In block 1 (see Fig. 1), the wavelet coefficients vector,
and consequently the frequency band containing the dominant atrial frequency, was reconstructed back to the timedomain. SampEn of this time reconstructed signal was calculated. This procedure was introduced in previous works
with promising results [5]. In block 2, the same vector was
linearly interpolated. Hence, a wavelet coefficients vector
with equal number of samples than the original signal was
obtained. Finally, the interpolated vector regularity was
estimated using SampEn.
The results obtained through the independent application of each block to the learning set defined the optimum
SampEn thresholds (Th1 and Th2) that, later, will allow the
test set classification into terminating and non-terminating
AF episodes.
The block 2 strategy was proposed to improve the classification into terminating and non-terminating AF episodes
obtained through block 1 [5]. With the block 1, nonterminating AF signals that presented a high fp were incorrectly classified, whereas with the block 2, terminating
AF signals that have a small fp were also incorrectly discriminated, as will be presented in next section. Thereby,
the classification process was improved by combining both
blocks as follows:

The Continuous Wavelet Tranform (CWT) is defined as
the sum over all time of the signal f (t) scaled with a factor
a and shifted a certain time interval b through the mother
wavelet function Ψ [11]:
R∞
C(a, b) = −∞ f (t) · Ψa,b (t)dt
(1)


Ψa,b (t) = √1a Ψ t−b
∀a, b ∈ ℜ+
(2)
a
The results of the CWT are many wavelet coefficients
C, which are a function of scale and position. Concretely,
a wavelet coefficients vector is obtained for each analyzed
scale [11]. Discrete time Wavelet Transform (DWT) is the
sampled version of the CWT in a dyadic grid. One advantage of the DWT is that the original signal can be synthesized using fewer coefficients than in the case of the CWT.
An efficient way to implement the DWT using filters was
developed by Mallat, and was called multiresolution algorithm [12].

3.2.

Sample entropy

Sample Entropy (SampEn) examines time series for similar epochs and assigns a non-negative number to the
sequence, with larger values corresponding to more complexity or irregularity in the data [13]. Two input parameters, a run length m and a tolerance window r, must be
specified for SampEn to be computed. SampEn(m, r) is
the negative logarithm of the conditional probability that
two sequences similar during m points remain similar at
the next point, where self-matches are not included in calculating the probability. A detailed mathematic description
can be found in [13].
Although m and r are critical in determining the outcome of SampEn, no guidelines exist for optimizing their
values. Nevertheless, the m and r values suggested by Pincus are m = 1 or m = 2 and r between 0.1 and 0.25 times
the standard deviation of the original time serie [14].

3.3.

if an AF episode was differently classified through both
blocks, and:
– fp was lower than a threshold of fp (Th), that was obtained using the learning set, the classification obtained
with block 1 was considered.
– fp was higher than Th, the classification performed
with block 2 was chosen.
• On the contrary, the result of both blocks was coincident
and any of them can be selected indistinguishably.
•

Proposed classification methodology

In this classification strategy (see Fig. 1), cancellation
of QRST waves from the preprocessed ECG signals was

In our experiments, the best results were obtained with
a 7 level decomposition and ”bior4.4” as wavelet family.
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Figure 1. Block diagram describing the proposed classification methodology.

4.

Results

electrograms [18] that, at this moment, is clinically accepted [4].

Each block was independently applied to the learning
set. With block 1, 80% sensitivity and 100% specificity
were obtained, see Fig. 2(a). The Receiver Operating
Characteristic (ROC) curve provided 0.0902 as optimun
SampEn discrimination threshold between terminating and
non-terminating AF episodes. Fig 2(b) shows the SampEn
values for the 20 learning signals together with the mean
and standard deviation values for each group. Note that
all terminating and 8 out of 10 non-terminating recordings were correctly discriminated. The non-terminating
episodes fp that were incorrectly classified was 6.25 and
7.35 Hz respectively.
With block 2, 100% sensitivity and 70% specificity were
obtained, see Fig 2(a). The ROC curve provided 0.034
as optimun SampEn discrimination threshold. All nonterminating and 7 out of 10 terminating AF episodes were
correctly classified, such as Fig. 2(c) shows. The values
4, 4.75 and 4.75 Hz were the three terminating dominant
atrial frequencies of the incorrectly discriminated signals.
In this case, 5.5 Hz was chosen as the dominant atrial frequency threshold (Th).
By applying the combined block1–block2 strategy to
the learning signals, all non-terminating and terminating
AF episodes were correctly classified. Using the aforementioned SampEn and dominant atrial frequency thresholds, 28 out of 30 test signals were correctly discerned.
Therefore, the AF behavior of 48 out of 50 recordings
(96%) were correctly predicted through the AA organization analysis into the time and wavelet domains.

Regarding block 2, for a specific scale, the wavelet coefficients vector contains the temporal evolution of the similarity between analyzed signal and scaled mother wavelet.
A high regularity value of this time series indicates that
the analyzed signal presents a constant waveform during
the studied time period. On the contrary, a low regularity value implies a variable waveform. Because of the AA
evolution from f waves to P waves that is produced in AF
recordings prior to its termination [3], the results obtained
with block 2 can be justified. These results show that terminating episodes present a more irregular wavelet coefficients vector associated to the AA main component than
non-terminating episodes. Thus, the structural organization produced in AF surface recordings, because of the decrease in the number of reentries before AF termination,
can be used to predict AF termination when the proper
analysis tools are used.
The organization analysis with SampEn of the AA main
component obtained with WT (i. e. time reconstruction
of the frequency band containing the dominant atrial frequency) was presented in [5], and 90% of terminating
and non-terminating AF episodes were correctly classified.
This work demonstrates that a more robust methodology
can be obtained by adding the wavelet domain regularity
analysis of the AA main component (i. e. the wavelet
coefficients interpolated vector), because 96% of the AF
episodes were correctly discriminated.
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The results obtained with block 1 show that terminating
episodes present lower SampEn values and, consequently,
higher signal organization than non-terminating ones. This
observation agrees with the organization increase in the
AA prior to AF termination reported with invasive atrial
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Figure 2. Obtained results. (a) Receiver Operating Characteristic (ROC) curve obtained with block 1 and 2 applied to the
learning set. Classification into terminating and non-terminating AF episodes obtained with (b) block 1 and (c) block 2.
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