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Abstract

Fractionated intracardiac electrogram (EGM) record-
ings contain information about the underlying pathophys-
iology and are promising to guide clinical ablation pro-
cedures. Lowpass filters (LPF) are commonly used to de-
noise EGM recordings. An alternative is wavelet denois-
ing which does not rely on a constant separation of sig-
nal and noise in frequency space. Unipolar and bipolar
EGM recordings of 2.5 s registered during a contact map-
ping guided ablation procedure were exported from the
Carto3® (Biosense Webster) mapping system. Different
wavelet denoising algorithms are evaluated. The success
in reducing noise while retaining the physiologically rel-
evant signal morphology of each algorithm is assessed.
For this purpose recordings with a prominent signal are
selected such that a signal dominated interval and an iso-
electric interval with dominant noise can be identified. The
standard deviation of the deviation from baseline in the
isoelectric interval are calculated to quantify noise. The
change due to denoising in peak counts of bipolar voltages
and the negative derivative of unipolar voltages during sig-
nal dominated intervals is calculated to quantify the stabil-
ity of physiologically relevant morphology. The han5 .5
wavelet with BlockJS thresholding and decomposition
level 8 is identified as a successful choice for a denoising
algorithm.

1. Introduction

Catheter ablation guided by electroanatomic (EA) map-
ping is an established therapy for cardiac arrythmias. For
example, pulmonary vein isolation is employed to treat
atrial fibrillation (AF). Pathological myocardium can result
in complex fractionation of the intracardiac electrograms
(EGMs). Conduction velocity (CV) slowing is one of nu-
merous underlying mechanisms that have been identified
[1].

The potential to terminate persistent AF by targeting ar-
eas with fractionated signals has been explored without
clear success [2]. There is currently no consensus on how
to quantify fractionation. Peak counts of bipolar voltages
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or of the negative temporal derivative of unipolar voltages
are examples of quantification used in the literature [3,4].
Clinical EA mapping systems make standard use of LPFs
to remove high frequency noise from the EGMs. Yet, high
frequency components have been observed to contain rel-
evant information for substrate identification [5].

Wavelet denoising algorithms offer an alternative that
does not depend on a constant frequency cut off. In-
stead the recording is decomposed into components de-
rived from a given “mother-wavelet” with local support.
Threshold selection rules are then used to remove contribu-
tions due to noise and reconstruct the denoised signal. The
performance of wavelet denoising depends on the interplay
between the nature of the signal on the one hand and the
chosen algorithm parameters such as wavelet type, thresh-
olding rule and decomposition level on the other hand [6].

The goal of this study is to compare the performance of
different wavelet denoising algorithms in removing noise
from fractionated EGMs while preserving the pathophys-
iologic information conveyed by the signal morphology
summarised as peak counts. LPF serves as a benchmark.

2. Methods

2.1. Data Acquisition

The EA activation map of a left atrium as well as the
recordings of the 2251 points used for its generation were
anonymised and exported from the Carto3® (Biosense
Webster) mapping system after a mitral isthmus ablation
procedure. The activation map consists of a mesh with val-
ues of local activation time (LAT) at each vertex. For each
point the location of the electrodes at LAT annotation time,
2.5 s recordings of the bipolar and unipolar EGMs as well
as the classic 12-lead electrocardiograms and the voltages
recorded at reference electrodes placed in the coronary si-
nus were included in the export.

The use of the dataset has been approved by the local
Ethics Committee Research UZ / KU Leuven as part of the
project S67494.
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2.2. Data Analysis

The dataset was imported into MATLAB using OpenEP
[7,8]. Since the exported bipolar voltages were already
strongly filtered, the difference between the unipolar volt-
ages was used as the raw bipolar recording during the anal-
ysis. In each recording beats were segmented by associa-
tion with the closest reference annotation calculated from
voltages recorded in the coronary sinus [9]. Beats at the
beginning and end of the recordings were excluded. Since
the average cycle length of the mapped rhythm was 455 ms
this resulted in 4 considered beats per recording point.

Recording points with a signal dominated interval sepa-
rate from a noise dominated isoelectric interval were iden-
tified. As illustrated in figure 1, this was done by select-
ing points where in each considered beat the maximum of
the unipolar voltage was followed by its maximal downs-
lope which in turn was followed by its minimum while the
maximum and minimum were separated by no more than
50 ms. 418 points met these criteria.
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Figure 1: This figure illustrates the distinction between sig-
nal dominated interval and isolelectric interval in a beat of
a unipolar EGM (black). The signal dominated interval
(green) is between the peaks. In the isoelectric interval
the noise (blue) is calculated as the difference between the
EGM and the baseline (red).

The area between the extrema plus a 3 ms extension in
both directions was defined as the signal dominated inter-
val. The part of the recordings that was more than 50 ms
away from both extrema was defined as isoelectric interval.
For bipolar recordings both types of intervals were defined
as the intersection of the respective intervals of both unipo-
lar voltage recordings comprising the bipolar voltage.

In the isoelectric intervals, noise was defined as the dif-
ference of the voltage recording with a baseline determined
by a Savitzky-Golay filter of order 5 with frame length of
I1ms.

To assess the noise reduction of filtering algorithms, the
noise was quantified in the raw voltage recordings as well
as on the filtered voltage recordings. To obtain a single

measure of noise for each algorithm, the empirical stan-
dard deviation of noise (onoise) Was calculated for each
beat and the standard deviations were averaged over all
(n =4 x 418 = 1672) beats.

To assess the signal preservation, peaks were counted
in the signal dominated intervals. Peaks of bipolar (Bip)
voltages and of the negative temporal derivatives of unipo-
lar (Uni) voltages were counted in the raw voltage record-
ings as well as in the filtered voltage recordings. The
absolute values of the differences (ANpeaks(Bip) and

ANpeaks(— dgt“i )) was averaged over all beats.

The analysis was performed for LPF as implemented
in the “lowpass” function of MATLAB with the pass fre-
quency varying from 50 Hz to 300 Hz in steps of 50 Hz.
The analysed wavelet denoising algorithms were those that
are implemented in MATLAB. Refer to the legend of fig-
ure 3 for a list of wavelet families and threshold selection
rules.

2.3. Quantifying Fractionation

For 1856 voltage recordings within the left atrium (i.e.
Points in one of the veins or the mitral valve were man-
ually excluded based on their coordinates), fractionation
was quantified in all 4 beats. This was done by count-
ing either bipolar voltage peaks or peaks of the negative
derivative of the unipolar voltage during the window of
atrial activity, i.e. from 50 ms before until 200 ms after
the reference annotation [9] of the respective beat.

For fractionation calculations peaks were identified as
zero crossings of the derivative when the derivative ex-
ceeded a slope threshold. For each beat, the slope thresh-
old was taken from the raw recordings as the maximum
absolute value of the derivative outside of atrial activity.

The empirical standard deviation of the fractionation

. . . B2B

values over 4 consecutive beats of a given point (oR22)
was calculated to assess beat to beat variability.

3. Results

3.1. Difference between wavelet denoising
and LPF

When varying the pass frequency of the LPF, the change
in number of peaks in the signal dominated interval in-
creases with increasing noise reduction. Thus, the choice
of frequency forces a tradeoff between maintaining signal
and reducing noise. In contrast to this, the change in num-
ber of peaks as well as the noise reduction converge when
increasing the decomposition level of a wavelet denoising
algorithm (see figure 2).
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Figure 2: The upper figures show the change in peak num-
ber in the signal dominated intervals that was caused by the
denoising algorithms (see section 2.2). Means and empiri-
cal standard deviation over all considered beats are shown.
The lower figures visualises the distribution of the stan-
dard deviations of the remaining noise in the isoelectric
intervals (see section 2.2) as boxplots. The black dashed
and grey lines visualise that there are outliers outside the
shown range. The Wavelet denoising algorithm in the left
figures used han5.5 wavelets and the BlockJS thresh-
old selection rule.

3.2. Comparing wavelet denoising algo-
rithms

Figure 3 compares the wavelet algorithms’ ability to re-
duce noise while preserving peaks in the signal dominated
intervals.

The best algorithms use the B1ockJS threshold selec-
tion rule. For each combination of wavelet family and
thresholding rule, only the wavelet with the biggest noise
reduction and the wavelet with the smallest change in peak
counts are shown. Of note, some of the wavelet denois-
ing algorithms that are not included in the figure result
in an increase in noise while distorting the number of
peaks more than any of the analysed LPFs. An exam-
ple of a wavelet denoising algorithm that is in this sense
not suited for EGM denoising is using rbio3.1 with
UniversalThreshold selection rule.

Figure 4 shows a zoomed in part of figure 3 with some
particularly successful wavelets emphasised.

3.3. Beat to Beat consistency of Fractiona-
tion

Figure 5 shows histograms of the beat to beat standard
deviations of the fractionation calculated from bipolar volt-
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Figure 3: Mean peak change in signal dominated inter-
vals are scattered against mean noise standard deviations
in isoelectric intervals (see section 2.2). The level of all
wavelet denoising algorithms was 8. Threshold selection
rules are identified by markers while wavelet families are
identified by colours. For each combination of threshold
selection rule and wavelet family, the results for wavelets
that resulted in the lowest mean peak change or the lowest
remaining noise are shown. The dotted line results from
connecting the results from the LPF algorithms with cut
off frequency varied in steps of 50 Hz.

ages and the negative derivative of the unipolar voltages.

As expected denoising reduces the beat to beat variabil-
ity because the electrophysiological signal is more consis-
tent per beat than noise. Wavelet denoising with BlockJS
thresholding and han5.5 wavelets results in more bipo-
lar recordings with minimal beat to beat fractionation vari-
ability than LPF with 200 Hz cut off frequency. Fraction-
ation calculated from the derivative of unipolar voltages
has similar consistency when calculated after this wavelet
denoising or LPF.
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Figure 4: The same scatters as in figure 3 only here lim-
ited to BlockJs threshold selection are shown. Marker
types identify the used wavelets. Some wavelets that are
successful at reducing noise in bipolar and unipolar volt-
ages while preserving the number for peaks in bipolar and
temporal derivative of unipolar voltages are emphasised.
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Figure 5: Histograms of the beat to beat variability of the
fractionation calculated in 4 beats of each point (see sec-
tion 2.3) are shown for fractionation calculated from raw,
LPF and wavelet denoised bipolar and unipolar recordings.

4. Discussion

Wavelet denoising offers a way to distinguish noise from
signal that does not depend on separation in the frequency
domain. Compared to LPF wavelet denoising is not subject
to the same trade off between noise reduction and signal
preservation.

BlockdJs threshold selection and the han5 . 5 wavelet
were identified as a denoising algorithm that works well
for noise reduction and peak preservation for intracardiac
EGMs. While this is not the only wavelet denoising al-
gorithm that works, it is worth noting that poorer choices
(e.g. rbio3.1 wavelets with Universal Threshold selec-
tion rule) can fail terribly.

The increased beat to beat consistency of fractionation
calculated from wavelet denoised recordings is consistent
with the preserved morphology being physiological. How-
ever, this is not conclusive. For instance LPF with lower
cut off frequencies also decrease the beat to beat variabil-
ity of fractionation by consistently removing physiological
high frequency contributions.
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