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Abstract

We previously showed that reentry in atrial tachycar-
dia (AT) consistently occurs in pairs around two critical
boundaries (CBs), which when connected by an ablation
line consistently stops the AT. CBs can be identified by cal-
culating the phase index (PI) using local activation times
(LATs). However, LATs can be challenging to identify, es-
pecially in more complex arrhythmias. To overcome this
limitation, we used a novel method using signal cross-
correlation. We compared both methods (LAT versus sig-
nal) through 380 spherical simulations of anatomical reen-
try. 1610 evenly placed unipolar electrograms (EGMs)
were generated for each simulation. After pre-processing,
we derived (1) LATs, and (2) time delays through cross-
correlation. PI was calculated as the sum of (1) LAT dif-
ferences or (2) correlation-delays, divided by the cycle
length. To test robustness, both methods were repeated
after adding white Gaussian noise to the original EGMs,
with decreasing signal-to-noise ratios (SNR = 10 dB, 5 dB,
0 dB). With no noise, both methods had 100% accuracy.
As SNR decreased, the cross-correlation method showed
consistently superior accuracy (LAT: 96.1%, 94.1%, and
77.4%, cross-correlation: 100%, 98.6%, and 83.5%). Our
results validate the greater robustness of cross-correlation
to identify ablation targets thought PI, while avoiding di-
rect LAT annotation.

1. Introduction

Cardiac arrhythmias such as atrial tachycardia (AT) and
atrial fibrillation (AF) are commonly treated using radio-
frequency catheter ablation guided by an electroanatomical
system. For AT, ablation is commonly guided using local
activation time (LAT) mapping. This technique involves
the use of intracardiac electrogram (EGM) signals to es-
timate the times at which the electrical wavefront passes
each mapping point within the heart [1]. LAT maps are
commonly used to aid electrophysiologists in identifying
anatomical reentry circuits – self propagating activation
waves that move around anatomical boundaries such as
veins or valves.

Recently, we have theoretically and clinically shown
the importance in AT of the paired loop paradigm (PLP),
which states that reentries must always come in pairs of
clockwise and counter-clockwise rotations [2–4]. How-
ever, these paired rotations have often been overlooked due
to the existence of partial reentries – where a wave rotates
around a boundary but collides with the next pulse before
completing the rotation. Figure 1 illustrates the possible
types of activity around a boundary – full reentry, partial
reentry, and no reentry.

Figure 1. Example illustrating the three types of activity
around a boundary. It shows the LATs around each bound-
ary, and how differences in LAT can be used to calculate
the phase index around each one, when normalized by the
cycle length of 200 ms. CBs have index of +1 or -1, and
non-CBs have index of 0.

Partial reentries are ablation targets as important as full
reentries to terminate AT. If a partial reentry is not ab-
lated along its paired full reentry, the partial reentry will
become a new full reentry, creating a new pair and perpet-
uating the arrhythmia. We have previously described an
LAT-based method to calculate the phase index (PI) which
can identify critical boundaries (CBs) – anatomical bound-
aries where either a full reentry or a partial one are present
[2–4]. However, the method suffers from a limitation: the
dependence on LAT annotation.

In the case of low-voltage, high-noise, or fractionated
signals, both unipolar and bipolar EGMs become less reli-
able measures of the LAT, as their morphology is signifi-
cantly affected. Such cases are particularly common in AF
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data, due to its turbulent and chaotic nature, but may even
be found in AT cases, especially around scar tissue [5–7].

Therefore, the goal of this work is to propose an LAT-
independent extension of our method, based on signal
cross-correlation. As a proof-of-concept, we compared the
new method to the already verified LAT-based results in
380 AT simulations, and then tested for robustness by in-
troducing different noise levels.

2. Methods and materials

2.1. Dataset

We analyzed a simulated dataset consisting of 380
spherical surfaces with 20 mm radius, with non-
conducting circular areas of varying sizes and distances
between them, which represent the anatomical bound-
aries around which reentries can form (200 3-boundary
cases, 180 4-boundary cases). The dataset was gener-
ated through OpenCarp [8], using the Ten Tusscher-Noble-
Noble-Panfilov model [9] with the L-type calcium current
reduced by 70% and the rapid delayed rectifier current in-
creased by 70% in order to shorten the action potential for
increased rotational stability. This cell model was subse-
quently pre-paced, using a pacing interval (S1-S1) of 250
ms for a duration of 5 seconds to reach a steady state [10].
For each simulation, 1610 evenly spaced unipolar EGMs
were evaluated for a duration of 1.8 s, at a sampling fre-
quency of 1 KHz.

The ground truth for each case – whether or not each
boundary was a CB – was annotated by simulating the
effects of creating an ablation line between each pair of
boundaries for that case. On all simulations, only one
pair of boundaires could terminate the reentry, as expected
from the PLP, and those two were annotated as the CBs.
Whether the CBs were full or partial reentries was not rel-
evant for their detection or for ablation outcomes.

To evaluate the robustness of each method, they were
evaluated in the original dataset, as well as after adding
white Gaussian noise to the EGMs at signal-to-noise ratios
(SNRs) of 10 dB, 5 dB, and 0 dB.

2.2. LAT-based PI

To identify each simulated case’s CBs, we calculate the
PI of all boundaries. For each boundary, EGM collection
points that were up to 5 mm away from it were separated
into N = 12 equal-sized sections, based on their angle rela-
tive to the center of the boundary. LATs were extracted
from each EGM, and the average LAT for each section
was obtained. The PI can then be calculated by calculat-
ing LAT-differences between each section and taking into
account the cycle length (CL), as illustrated in Figure 1.
The differences are then normalized by the CL to obtain

a value of +1 or -1 depending on the direction of rotation.
The following equation describes the PI computation:

PI =
1

CL

N∑
i=0

(LATi − LATj) (mod CL) (1)

Where i indicates the placement of each section when
ordered counter-clockwise, j = i+ 1 (mod N) is the next
section in the counter-clockwise direction, and LATi is the
mean LAT of section i.

2.3. Signal-based PI

In our new method, the same divison into sections
around each boundary is done. Then, a 4-step pipeline is
applied to obtain time-differences between EGM collec-
tion points of adjacent sections, as illustrated in figure 2.

First, a pre-processing pipeline common in the cardiac
arrhythmia literature was used to smooth the EGMs: band-
pass filtering in the band 40-250 Hz, followed by rectifica-
tion and a lowpass filter with 20 Hz cutoff [11]. Signals
were then mean-subtracted and normalized.

Second, all signals were sampled from a fixed time win-
dow with duration of 2CL. This window replaces the need
for the use of modular algebra applied in the LAT method.

Third, the cross-correlation was calculated between
each pair of EGMs belonging to adjacent sections. For
two real-valued discrete-time signals f and g, the discrete-
time cross-correlation (f ⋆ g) is a function of the delay n,
defined as:

(f ⋆ g)[n] =

∞∑
m=−∞

f [m− n]g[m] (2)

The cross-correlation functions as a measure of morpho-
logical similarity between the signals, so when one signal
is a time-shifted version of the other, a peak appears in
the corresponding time-delay between them. For signals
with periodic or quasi-periodic behavior, multiple correla-
tion peaks may appear.

Finally, a range of acceptable physiological conduction
velocity (CV) values between 0.2 mm/ms and 2 mm/ms
was combined with the distance between each pair of
points to obtain a range of acceptable time differences be-
tween each pair of points. Delays outside the physiological
range were discarded, and if exactly one possible delay re-
mained, that pair of points was used in the PI calculation.

With the time-delays between the different sections es-
timated, PI was then computed. The following equation
describes this process, similar to the LAT-based method,
but replacing the difference in LATs with mean correla-
tion delays between sections.
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Figure 2. Diagram summarizing the steps taken to obtain time delay between EGMs. (A) An EGM is shown before (top)
and after (bottom) pre-processing. Both signals become smoother and their activation peaks are highlighted. (B) The same
EGM before (top) and after (bottom) applying a window at the center with duration of 2 CL. (C) A pair of signals (left) and
the resulting cross-correlation between them (right). Peaks in the cross-correlation are candidates for the time difference
between the signals. (D) From the distance between the points and the CV range, a time-delay range can be determined
(left), and values outside that range are discarded, shown in gray (right).

PI =
1

CL

N∑
i=0

τi,j (3)

Where i and j represent the same as in equation (1),
and τij is the mean correlation-delay between all EGMs in
section i and all EGMs in section j.

2.4. Performance measurement

A boundary was considered correctly identified when
the difference between its calculated PI and its ground truth
(1 for CB, 0 otherwise) was less than .5. From this defini-
tion, accuracy in identifying boundaries was calculated for
both methods at the different SNR levels.

3. Results

In the noiseless dataset, both methods achieved 100%
accuracy. As SNR decreased, both methods had degraded
performance, but the cross-correlation method had consis-
tently superior performance to the LAT method. For the
SNR values of 10 dB, 5 dB, and 0 dB, the LAT-based
method had accuracy of 96.1%, 94.1%, and 77.4% respec-
tively, while the cross-correlation method had accuracy of

100%, 98.6%, and 83.5% respectively. Figure 3 illustrates
the evolution of performance with SNR for each method.

Figure 3. Accuracy as a function of SNR for the LAT and
cross-correlation methods.

4. Discussion and Conclusion

We have introduced a new method for identification
of CBs, based on the calculation of PI using the cross-
correlation, rather than LATs. We have previously shown
that PI is capable of identifying CBs consistently in clinical
and simulated cases [2–4], but the method remained sus-
ceptible to the calculation of LATs. We have now solved
this problem, with a method that displays comparable per-
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formance in noiseless conditions, and greater robustness in
the presence of noise.

Previous works have shown that cross-correlation can
be more robust than direct LAT annotation when identi-
fying time differences between signals, though not in the
context of computing phases as done here [12, 13]. While
several works in the literature have used phase calculation
to identify functional reentry, it is typically not done with
cross-correlation, but either from LATs, which is less ro-
bust, or through the Hilbert transform, which is more ab-
stract. Additionally, to our knowledge, phase calculation is
not commonly used to identify anatomical reentry [14,15].

Finally, while the theoretical basis of the PLP has been
known for years, it has not yet reached the clinics. This
work aims to be another step towards bringing it to clini-
cal use, potentially improving AT ablation procedures by
avoiding AT recurrence and reducing ablation times and
number of procedures.
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