
Classification and Location of Atrial Arrhythmic Mechanisms With Body
Surface Potential Mapping

Victor G Marques1, Miguel Rodrigo2, Marı́a S Guillem2, João Salinet1

1 Federal University of ABC, São Bernardo do Campo, Brazil
2 ITACA Institute, Universitat Politècnica de València, Spain

Abstract

Atrial tachycardia (AT), flutter (AFL) and fibrillation
(AF) are very common cardiac arrhythmias and are driven
by localized sources that can be ablation targets. Non-
invasive body surface potential mapping (BSPM) can be
useful for early diagnosis and ablation planning. We
aimed to automatically classify and locate the arrhythmic
mechanisms behind AT, AFL and AF using BSPM features.
19 simulations of 567-lead BSPMs were used to obtain
dominant frequency (DF) maps from which features re-
flecting the spatial distribution of DFs and the spectral or-
ganization were extracted. Rotational activity was tracked
based on singularity points in phase maps; features were
extracted to reflect its spatio-temporal stability. The torso
was divided in 4 quadrants to assess the spatial distribu-
tion of the features. Random forest and least-square based
algorithms were used to classify the arrhythmias and their
mechanisms’ location, respectively. The analyses were re-
produced in different layouts (252 to 12 leads). The ar-
rhythmic mechanisms and their locations were classified
with 72.0% and 73.9% balanced accuracy, respectively.
Accuracy was similar along all lead layouts for arrhyth-
mia classification but decreased for mechanism location.
Classification of AT, AFL and AF and their mechanisms’
location was feasible based on BSPM features reflecting
their basic electrophysiological characteristics.

1. Introduction

Focal atrial tachycardia (AT), atrial flutter (AFL) and
atrial fibrillation (AF) are among the most common
supraventricular tachyarrhythmias (SVTs), a group of very
prevalent cardiac arrhythmias and increase morbidity and
mortality due to a higher risk of thromboembolic events
and of developing other cardiac diseases, representing sig-
nificant costs for the health services [1]. These arrhythmias
are driven by localized sources, which for certain groups
can be targeted in ablation therapy to restore sinus rhythm
[1,2]: AT is maintained by ectopic foci [1], AFL by macro-

reentrant circuits around anatomic structures [1], and AF,
which is the most complex of these arrhythmias, has been
shown to be maintained by ectopic foci, re-entrant circuits
and functional rotors, which appear preferably when struc-
tural and/or functional atrial remodeling occurs [3]

Identification of the driving mechanisms and their loca-
tion is crucial for further understanding these arrhythmias
and for achieving higher rates of success in ablation ther-
apies, especially for AF patients [4]. This is usually per-
formed via an invasive electrophysiological study, which is
technically complex, time-consuming and poses consider-
able risks to the patients. Non-invasive techniques, such as
body surface potential mapping (BSPM), present reduced
costs and risks to the patients, while providing relevant
clinical information, thus being useful for early diagnosis,
ablation planning and follow-up of patients [5].

Detecting regions driving AT and typical AFL is rela-
tively straightforward, using analysis of activation times
to locate the site of earliest activation or reentrant circuit,
respectively [2]. In atypical AFL and AF, the complexity
of the underlying electrophysiological patterns reduces the
accuracy of direct analysis of activation times [6]. Analy-
ses based in dominant frequency (DF) or phase have been
used in recent years as a means to find periodicity mea-
surements and rotational patterns both in invasive and non-
invasive signals [4, 6–8], allowing for the location of driv-
ing mechanisms and improved ablation outcomes [4, 8].

In this study, we used realistic computer models to in-
vestigate AT, AFL and AF from the non-invasive BSPM
perspective, applying DF and phase analysis to extract fea-
tures characterizing the arrhythmic driving mechanisms
and their location. Simple pattern recognition algorithms
were applied for classification of these parameters.

2. Methods

A realistic three-dimensional model of the atrial
anatomy was used to simulate the electrical behavior of
the left and right atria (LA and RA, respectively) in ar-
rhythmic conditions. 19 simulations represented arrhyth-
mias originated by three distinct mechanisms: AT (4 sim-
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Figure 1. Schematic of the methodology. A: wavelet
method for DF detection; B: Phase calculation in BSPM
signals; C: phase progression analysis for SP detection

ulations) driven by an ectopic focus; AFL (4 simulations)
driven by a macro-reentrant circuit; AF (11 simulations)
driven by functional rotors [9]. The highest peak in Welch
periodograms was used to determine dominant frequencies
(DFs) inside the atria [9]; the highest dominant frequency
(HDF) in the atria was defined as the driving frequency [8].

BSPMs were obtained by solving the forward problem
with the boundary element method, resulting in 771 data
points referenced to the Wilson central terminal and sam-
pled at fs = 500 Hz [9], of which 567 points were se-
lected to represent leads of a realistic measurement, ex-
cluding points inside the waist, neck or arms. White Gaus-
sian noise was added to the BSPM signals with a signal-
to-noise ratio (SNR) of 60 dB [9]. The 3D coordinates of
the BSPM nodes in the models were mapped to a 2D con-
figuration by projecting their positions into a cylinder wall
and unwrapping it with the left side of the torso in the cen-
ter of the image. The signals were interpolated into a 30
by 65 grid using cubic splines [7].

DFs on BSPM signals were estimated with a method
based on continuous wavelet transform (CWT) [10]. Peaks
detected in the outcomes of a CWT performed with a neg-
ative first-order Gaussian wavelet match patterns similar
to singularities [10], such as the sharp positive deflections
associated with depolarization wavefronts in BSPM sig-
nals [11]. CWT was applied for each lead along 40 lin-
early spaced scales in the pseudo-frequency range of 3 to
30 Hz (Figure 1A). Peak detection was performed in the
scale with maximum energy in this range after low-pass
filtering it at 30 Hz (4th order Butterworth) to avoid dou-
ble counting. The average of the cycle lengths (CL) was
determined from the intervals between the detected peaks
and used for the DF calculation (DF = 1/CL).

DF maps were generated by displaying the color coded

DF values in the correspondent lead positions, and were
used to approximate the driver mechanism frequencies
with the HDF from BSPMs (HDFBSPM ). A spatial mask
ignoring 6% of the highest DF values was implemented
to avoid small harmonic regions present mainly in AT and
AFL maps. HDF regions (|DF −HDF | ≤ 1 Hz) on the
torso were segmented and used for feature extraction.

A narrow band-pass filter (4th order Butterworth) was
applied on the BSPM leads around the estimated atrial
HDFs (±1 Hz) to stabilize the atrial activity in the BSPM,
especially for AF (Figure 1B) [12]. The signals were
downsampled to 128 Hz to decrease computation time and
phase was obtained using the Hilbert transform [12].

Rotors were detected through phase singularity points
(SPs), defined as points around which all phases converge,
by detecting the discontinuity in phase maps correspond-
ing to the sharp transition between +π and −π[9]. Canny
edge detection was used to detect these transitions in phase
maps [9] and the endpoints of the edges were considered
SP candidates. The selection of the true SPs among the
candidates is made based on the phase progression along
five rings (radii 2 to 10 cm) around them (Figure 1C, left).
The phase progression of a SP (Figure 1C, right) should
attend three criteria in at least two of the rings: the phase
progresses in an range of at least π, the progression is at
least 60% ordered and there are no phase leaps ≥ π [9].

Features reflecting the spatio-temporal distribution of
the SPs were obtained from filament and heatmaps (HMs).
A filament is defined as the connection of the SPs in phase
maps along subsequent time instants, around which at least
one full cycle of rotation was sustained. HMs are the his-
togram of the SPs belonging to filaments along time.

The signals were classified by pattern recognition algo-
rithms with respect to the underlying arrhythmia (AT, AFL
or AF) and the location of their driver in the heart (LA or
RA). Different groups of features were used for each clas-
sification task: for the arrhythmia classification, 11 fea-
tures were extracted from DF maps, filaments and HMs
for each simulation: ratio between mean DF and HDF,
number and average size of HDF regions, DF range, mean
and IQR of the organization index (OI) on each lead [13],
number, mean duration and median spatial displacement
of filaments (calculated as the median area of the bound-
ing boxes of the SP clusters originated by each individual
filament), number and median density of SP clusters.

The classifier was organized in two layers: the first dis-
criminates between AF and the remaining SVTs, whereas
the second layer discriminates between AT and AFL. Each
layer is composed by a random forest model trained using
40 decision trees of maximum depth of 2. In each node,
one of 3 randomly selected features was selected to split
the dataset using axis-aligned linear discriminators based
on the resulting information gain [14]. The average results
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from the trees determines the algorithm’s prediction.
For the mechanism location classification, the torso was

divided into 4 overlapping quadrants (left vs. right and
front vs. back). 3 features were extracted from each quad-
rant, resulting in a total of 12 features: percentage of the
region with |DF−HDFBSPM | ≤ 1 Hz, average OI, and
percentage of SPs. The localization of the mechanisms
was classified with respect to the atrium in which it was
located (LA vs. RA) with a simple least-squares algorithm.

Leave-one-out cross validation was used to test the
generalization of the classification approaches and results
were evaluated based on confusion matrices and balanced
accuracy. The analyses were reproduced for subsets of the
original lead layout to assess the stability of the features
to lower resolution scenarios: 256 [15], 127[5], 67[7],
64[16], 32, 16 ,and 12 [17].

3. Results

Fig. 2A shows the confusion matrix for the arrhythmia
classification. Accuracy was highest for AF (90.1%), fol-
lowed by AT (75.0%), and AFL (50%). The overall bal-
anced accuracy was 72.0%. While AF classification re-
flected its distinct behavior in the DF and phase analy-
ses (Fig. 3, bottom), distinguishing AT from AFL with
the proposed features was more challenging. This hap-
pens due to the similar DF distributions (very uniform with
small harmonic regions, Fig. 3A) and SP propagation, as
most AT simulations presented at least one stable filament,
though less spatially localized than those observed in AFL
(Fig. 3B).

Fig. 2B shows the results for the classification along dif-
ferent lead layouts. AF segments are classified with high
accuracy in all layouts, whereas for AT and AFL lower ac-
curacies and greater variability is observed, mainly due to
the limited number of samples.

Fig. 2C displays the confusion matrix for the driver lo-
cation classification using the least squares algorithm. Bal-
anced accuracy value of 73.9% was achieved by this ap-
proach (70% and 77.8% for the LA and RA, respectively).
Fig. 2D shows the effect of reducing the number of leads in
the classification of the driving mechanism location. The
resulting accuracies are progressively lower with the re-
duction in the number of leads.

4. Discussion and Conclusion

In this work, features extracted from BSPM DF maps,
filaments and HMs allowed the arrhythmias classification
with good balanced accuracy, being able to distinguish AF
in the vast majority of the tested simulations, reflecting
its particular behavior detected by more heterogeneous DF
distributions and shorter, moving filaments. The more sim-
ilar patterns observed between AT and AFL indicate that

Figure 2. Confusion matrices for the arrhythmia classi-
fication (A) and the mechanism location (B). Accuracies
along layouts are respectively shown in C and D.

Figure 3. Typical examples of DF maps (A) and filaments
with HMs (B), for each arrhythmia

adding more features reflecting the specific characteristics
of these arrhythmias, such as detecting breakthroughs in
AT or analyzing the polarity of P waves, may improve the
classification outcomes. The results for the localization of
mechanisms highlight the need of incorporating additional
metrics to achieve more reliable results with BSPM. The
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poorer performance in lower resolution layouts highlight
the relevance of analyzing critically results obtained with
a limited number of leads. Additional classification algo-
rithms, including support vector machines and k-nearest
neighbors, were also applied to the data but had worse per-
formances than those presented here, both for arrhythmia
and driver location classification.

SVT detection based on non-invasive techniques is
highly desirable, especially for AF due to its complex-
ity. Different from the previous studies in the literature,
the present work could classify the three most important
SVTs and their driving mechanism location on the atria
with relatively simple machining learning algorithms. The
classification was based on relevant arrhythmia biomark-
ers extracted from maps reflecting the basic electrophys-
iological mechanisms maintaining the arrhythmias, gen-
erated with an unified methodology and using high den-
sity BSPM signals, contributing to the current knowledge
of non-invasive electrophysiological analysis of atrial ar-
rhythmias. This is the first study to the extent of the au-
thors’ knowledge to classify AT, AFL and AF and their
driving mechanisms’ locations using BSPM data and ap-
plying an unified methodology.
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