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Abstract

Defibrillation, the elimination of pathological waves of
electrical activation in cardiac tissue, plays an important
role in the elimination of life-threatening cardiac arrhyth-
mias like ventricular tachycardia (VT) and ventricular fib-
rillation (VF). We develop a deep-learning method, which
uses a convolution neural network (CNN), to develop a
new defibrillation scheme applicable in 2D tisue. We begin
by training our CNN with a huge dataset of spiral waves
(S) and non-spiral waves (NS) that we obtain from our
direct numerical simulations (DNSs) of a variety of math-
ematical models for the propagation of electrical waves of
activation in cardiac tissue. Our trained CNN can distin-
guish between S and NS patterns; in particular, it also
detects a broken spiral wave as S. We demonstrate how
to use our CNN to develop a heat map, from a broken-
spiral-wave image, that yields the approximate locations
of these spiral cores. We develop a defibrillation scheme
that applies current, with two-dimensional (2D) Gaussian
profiles of standard deviation (σ), centred at square lat-
tice sites (NG × NG) imposed on the simulation domain
(N×N ); the amplitudes of these Gaussians are taken from
the heatmap. We explore the dependence of our Gaussian
defibrillation scheme on a noisy image, which closely mim-
ics the noisy optical image data.

1. Introduction

Pathological waves of electrical activation in cardiac tis-
sue, such as spiral and broken-spiral-waves, are the math-
ematical analogs of ventricular tachycardia (VT) and ven-
tricular fibrillation (VF), which are life-threatening cardiac
arrhythmias [1]. Therefore, the termination of these waves
is of paramount importance; this is referred to as defibril-
lation in a clinical setting. Traditional defibrillation meth-
ods employ electrical-voltage shocks to remove such wave
behavior; although such shocks can remove arrhythmias,
they can also damage cardiac tissue; this damage is po-
tentially arrythmogenic. Thus, the development of low-

amplitude defibrillation schemes has been a long-standing
goal in this field. In-silico studies have played an important
role in suggesting low-amplitude defibrillation schemes in
both two-variable and realistic mathematical models for
cardiac tissue (see Refs. [2–4] and references therein).

We approach this long-standing low-amplitude-defibrillation
problem from the perspective of deep learning. In par-
ticular, we develop a convolution neural netowrk (CNN)
that is capable of distinguishing between excitation-wave
patterns with spiral waves (S) and without spiral waves
(NS); to train this CNN we use our extensive dataset of
images of excitation waves, which we generate via di-
rect numerical simulations (DNSs) of a variety of partial-
differential-equation (PDE) models for cardiac tissue (see,
e.g., Eqns. (1) and (2) below). We then use our trained
CNN to generate a heatmap for any broken-spiral-wave
image; this gives us information about the approximate po-
sitions of spiral cores. Fundamental to our defibrillation
scheme is the observation that, a defibrillation current with
2D Gaussian profile (σ = 0.75N ) applied exactly at the
spiral core eliminates a full-fledged spiral wave. We com-
bine this observation and the heatmap to develop a defib-
rillation scheme which eliminates broken-spiral-wave. We
explore the efficacy of our Gaussian defibrillation scheme
and suggest experimental implementations of our scheme
in cardiomyocyte-monolayer experiments.

2. Materials and Methods

We obtain the defibrillation-current profile in three
steps: (i) We first train our CNN to distinguish between
S and NS; (ii) we then generate the heatmap H of the
broken-spiral-wave pattern; and (iii) we then obtain the
Hadamard product ofH with the 2D Gaussian current pro-
files (see below) that we impose at every lattice point in
our simulation domain.

To obtain the dataset for step (i), we employ mathemat-
ical models for cardiac tissue, which use nonlinear PDEs
of the following reaction-diffusion type:

∂V

∂t
= D0∇2V + f(V, g);

∂g

∂t
= ε(V, g)h(V, g); (1)



∂V

∂t
= D0∇2V − Iion

Cm
; Iion =

∑
i

Ii. (2)

We use the following two classes of models: (a) Two-
variable models governed by eqn. 1, such as those in
Refs. [5, 6]), where V , g, and D0 are, respectively, the
transmembrane potential (fast variable), the effective ionic
gate (slow variable), and the diffusion constant; f and h
are nonlinear functions of V and g. (b) Realistic mod-
els with ion-channels governed by eqn. 2, such as those in
Ref [7–9], where V , Ii, and Cm are the transmembrane
potential, the ionic current for ion-channel i, and the mem-
brane capacitance, respectively.

We use the forward-Euler method for time marching and
a five-point stencil for the Laplacian for our spatial-finite-
difference method. The temporal and spatial resolutions
are ∆x and ∆t, respectively (see respective models for the
values), in our 2D square domain with N ×N grid points
(N = 128, 256, 384, 512, 768 and 1024 in our DNSs; typ-
ically we use N = 512). We initiate the spiral wave by us-
ing the conventional S1-S2 cross-field protocol. Our DNSs
yield the spatiotemporal evolution of V that gives several
patterns like spiral waves (Figure 1(a)), target waves (top
right corner in Figure 1(b)), plane waves (bottom left cor-
ner in Figure 1(b)), and states with spiral break-up (Figure
3).

We use the Deep Learning Toolbox in MATLAB
R2018b to develop our CNN. We show a schematic dia-
gram of this CNN in Figure 2. For details about the layers
and units in the CNN see Refs. [10, 11].

(A) (B)
Figure 1. Illustrative pseudocolor plots of V showing
(a) single-spiral (S) images and (b) images with no spirals
(NS).

3. Results

3.1. Training CNN

We use the normalised Ṽ = (V−Vmin)
(Vmax−Vmin)

, Ṽ ∈ [0, 1],
where the subscripts min and max denote the minimal
and maximal values of V . Next we feed resized pseudo-
color images of Ṽ (we use a resized image with 32 × 32
points [11]) to train our CNN. If the output of our CNN

Figure 2. A schematic diagram of our CNN showing the
Input, CNN layers, and Output (see Ref. [10] for details).

predicts the class of the input image incorrectly, then we
use a proxy cost function to rectify this error iteratively, un-
til the CNN yields the correct output class; we ensure this
for our CNN by minimizing the cross-entropy cost func-
tion (see Ref [10, 11]). Our trained CNN achieves 99.7%
accuracy in distinguishing between S and NS .

Even though we train our CNN with single-spiral-wave
patterns, it manages to identify broken-spiral-wave pat-
terns as S. This is very useful for our defibrillation scheme.

3.2. HeatmapH

We next generate the heatmap H(i, j) for a given pseu-
docolor plot of V , for those images detected as class S
(especially broken-spiral-waves) as follows [11]:

H(i, j) =
Np

N

N/Np∑
r=1

CNN
(
χr
i,j {V }

)
, (3)

∀i, j ∈ {1, 2, . . . , N}; the arguments of χr
i,j , the matrix-

resizing function, are the 32r×32r values of V in a square
of side 32r centred at the point (i, j), with 1 ≤ i, j ≤ N
and 1 ≤ r ≤ (N/(4 × Np)); for the images here Np =
32. We use χr

i,j as an input into our CNN (Figure 2) and
its output, 0 (for N S ) or 1 (for S ), is summed over r
to obtain H(i, j) for a given input pseudocolor plot of V ;
H(i, j) ∈ [0, 1] is large if there is a spiral core near the
point (i, j). In Figure 3 we schematically depict how to
generate a heatmap, from a pseudocolor plot of V , with a
broken-spiral-wave pattern.

3.3. Defibrillation current profile

We can eliminate a single spiral wave by applying a
current pulse with the following spatial profile: a sym-
metrical 2D Gaussian, with its centre at the core of the
spiral wave and with equal widths in x and y directions,
i.e., σx = σy = σ; such a Gaussian current pulse (see
Ref. [11] has the virtue that it simultaneously depolarizes
both the core of the spiral and the regions near the spiral
arms and, eventually, eliminates the spiral. To eliminate a
broken-spiral-wave that has many spirals, we use a combi-
nation of Gaussian current pulses, to obtain a current pro-



Figure 3. Schematic showing the method to obtain the
heatmapH. The pesudocolor image of broken-spiral-wave
where, we scan from a lower pixel size of 32rmin×32rmin

to maximum pixel size of 32rmax × 32rmax. A repres-
ntative pixel image is fed to CNN and the corresponding
output is either 0 or 1. This is repeated until r = rmax,
where after we obtain the heatmap H. In this particular
broken-spiral-wave data we use rmin = rmax = 2.

file that is large at spiral cores and small elsewhere. Specif-
ically, we impose 2D Gaussians pulses centered at the sites
of a 2D square lattice, with lattice parameter a; to ensure
that these pulses have a large intensity at spiral cores, we
use the Hadamard product of these Gaussian pulses with
the heatmap H to obtain our final, defibrillation-current
profile. For example, for the pattern with multiple-spiral
wave in Figure 3), we (a) use a square lattice, of points
(i′, j′), with 0 ≤ i′, j′ ≤ NG and the lattice parameter
a = NG∆x (cm), (b) impose a Gaussian current pulse
G(i′, j′) of width σ and amplitude 1 on each lattice point,
to obtain the following total, normalised contribution of
these pulses, [at (i, j), with 0 ≤ i, j ≤ (N − 1), in the
original image]:

G̃(i, j) =

NG∑
i′,j′=0

G

(
i− i′ N

NG
, j − j′ N

NG

)
;

G(i, j) = G̃(i, j)/[G̃max]; (4)

here, G̃max = max(i,j)[G̃(i, j)]. Our final current pulse,
which we apply for tdef ms at the point (i, j), is given by
the Hadamard product

PH(i, j) = Idef H(i, j)G(i, j), (5)

where Idef is the maximum strength of the applied current,
in our Gaussian defibrillation scheme, which we depict in
Figure 4.

The efficacy our Gaussian scheme depends on the pa-
rameters such as σ, a, Idef and tdef . We list these param-
eters (Table 1) for two illustrative Gaussian-control runs,
GC1 and GC2. By comparing the results of such runs we
find that, for large values of a, our Gaussian scheme is not
successful in removing spiral waves; e.g.,the broken spiral
waves are suppressed for the value of a that we use in run
GC1, but not for the value of a in run GC2 (Table 1).

We refer the reader to Ref. [11] for a discussion of the
dependence of our Gaussian defibrillation scheme on the

parameters a and Idef . At the qualitative level, we find
that, for small (large) values of a, our Gaussian scheme
is successful (not successful) in removing broken spiral
waves. We list illustrative parameters in Table 1) for two
cases [11].

3.4. Training with the noisy image dataset

In experiments, e.g., those that examine spiral waves in
cardiomyocite layers [12], optical-image data are noisy.
We have checked that our CNN-based Gaussian defib-
rillation scheme works even if we allow for such noise,
whose strength can be measured by the signal-to-noise
ratio (SNR). In particular, we have added noise to our
spiral-wave images and shown them with thier respec-
tive heatmaps in Figure 5 for different values of SNR.
We observe that, our CNN can faithfully generate the
heatmap for SNR value greater than the threshlod value
SNRthreshold ' 11.9, for 1024 × 1024 simulation do-
main, and SNRthreshold ' 15.6, for 256× 256 simulation
domain (not shown here). We observe that, SNRthreshold

depends on the size of the simulation domain. We can ob-
tain reliable heatmaps for SNR values much lesser than
SNRthreshold, by training our CNN with noisy image
dataset.

Control NG a σ Idef tdef
scheme (cm) (cm) (pA/pF) (ms)
GC1 64 1.6 0.73 5 50
GC2 96 2.4 0.73 5 50

Table 1. Illustrative parameter values for our Gaussian-
control scheme (GC1 and GC2).

4. Conclusions

We have shown how to use a deep-learning, CNN-
based method to detect patterns with (S) and without spi-
ral waves (NS), which we obtain from extensive DNSs of
several mathematical models for the propagation of waves
of excitation in cardiac tissue. We have also demonstrated
how our trained CNN can be used to develop a heatmap
that has high intensity in regions with spiral cores. We
have then used this heatmap to develop our low-amplitude
Gaussian defibrillation scheme, which we have described
above; this scheme eliminates broken-spiral-waves. Given
that such waves are the mathematical analogs of life-
threateniing cardiac arrhythmias, like VT and VF, we hope
our in silico studies will lead to experimental studies of
our Gaussian scheme in, e.g., experiments on cardiomy-
ocyte layers. Here, from an experimental state with multi-
ple spiral waves, a heat map and a Gaussian defibrillation
scheme can be constructed by using the methods we have
developed above.



Figure 4. A schematic diagram showing how our 2D Gaussian defibrillation scheme (see text) eliminates a broken-spiral-
wave.

Figure 5. First row: Pseudocolor plots of V with
added noise and different values of the signal-to-noise ra-
tio (SNR). Second row: Our CNN-generated heatmaps
(see text) for the noisy-spiral images (directly above the
heatmap).

Our in-silico study has been limited to the detection and
elimination of only 2D waves. Also, our approach of de-
fibrillation is through application of currents ,which is dif-
ficult to realise, and is not the case with other defibrillation
studies such as in Ref [13–15], where they apply electric
fields for termination and is suitable for real-world appli-
cation.
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