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Abstract

Wearable ECG acquisition systems present the poten-
tial to continuously monitor cardiac activity during pa-
tient’s daily life. However, the acquired ECG signals are
often disturbed by noise and their automated quality as-
sessment (QA) is crucial. For this purpose, pre-trained
2-D convolutional neural networks (CNNs) have recently
reported promising performance. Usually, linear time-
frequency transformations have been only considered to
turn the ECG signal into a 2-D image. Hence, this work
aims to explore whether ECG transformation using a com-
mon approach specifically designed to visualize and fea-
ture nonlinear, complex, and chaotic dynamics in a time se-
ries, such as the Poincaré plot (PP), might be helpful in QA
of the signal. Then, the pre-trained AlexNet model was in-
putted with the image obtained by the PP-based represen-
tation of the ECG. For comparison, this network was also
fed with the common wavelet ECG-based scalograms. Af-
ter processes of training and testing on separate datasets,
no statistically significant differences in global terms of
balanced accuracy and F1-score were noticed for the mod-
els obtained with the two ECG-based images. However,
the PP-based model was about 3 times faster than that fed
with scalograms. Thus, it could be concluded that the ECG
transformation into a PP-based image might be a quick
and useful approach for CNN-based QA of the signal.

1. Introduction

The resting ECG is still the most widely used test for the
diagnosis of many cardiovascular diseases [1]. However,
this recording is extremely short lasting for about 10-20
seconds, and hence is not suitable for identification of in-
termittent cardiac diseases, such as paroxysmal atrial fib-
rillation (AF). Although conventional ambulatory systems
are able to acquire the ECG signal with several days in
length, it has been proven that the longer the duration of
cardiac monitoring, the greater the possibility of detecting
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initial, brief episodes of the arrhythmia [2]. In this context,
some emerging wearable systems with the ability to mon-
itor ECG continuously for long weeks or months without
disrupting the patient’s daily life represent a great oppor-
tunity to improve early diagnosis of occult AF and restrict
the current exponential increase of its prevalence [3].

However, integration of these devices into clinical prac-
tice has been limited to date, since the acquired ECG signal
is often strongly contaminated by transient noise and envi-
ronmental perturbations, leading to numerous false alarms
of AF and requiring manual interpretation of extensive
amounts of ECG data [4]. To overcome this problem, auto-
mated selection of ECG excerpts with sufficient quality for
precise diagnosis has been widely proposed, and numer-
ous algorithms for such ECG quality assessment can be
found. Most are based on combining hand-crafted features
derived from the ECG, such as mean RR interval, time
consistency of PQRST waveforms, or coherence of QRS
complexes, among others, via common machine learning
classifiers [5]. These algorithms have reported successful
performance on ECG signals acquired from healthy sub-
jects, but their performance is notably reduced between
15% and 40% when ECG recordings from paroxysmal
AF are analyzed [5]. This last case is a more challeng-
ing scenario because fibrillatory waves present waveforms
and time—frequency features similar to the most common
transient noise found during the ECG acquisition [5].

Contrarily, the recent analysis of pre-trained 2-D convo-
lutional neural network (CNN) architectures has shown a
promising ability to evaluate ECG quality even in the con-
text of paroxysmal AF [6]. As in many other previous ap-
plications, these networks were fed with the ECG transfor-
mation into a wavelet scalogram using Continuous Wavelet
Transform (CWT) [6]. This time-frequency transforma-
tion has proven to be effective to represent non-stationary
and time-varying physiological signals and noises [7], but
it only makes use of concepts of linear analysis. Hence,
this work aims to explore whether ECG transformation us-
ing a common approach specifically designed to visualize
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and feature nonlinear, complex, and chaotic dynamics in a
time series, such as the Poincaré Plot (PP), might be help-
ful in quality assessment of the signal.

2. Materials and methods

2.1. Databases

To obtain realistic and non-inflated classification results,
two separate databases were used for training and testing
of the generated models. Moreover, it should be noted that
the two databases were acquired with different wearable
recording systems and electrode configurations, thus in-
volving a more challenging framework for a strict evalu-
ation of the generalization ability of the algorithms.

On the one hand, a proprietary database was used for
training. In this case, ECG recordings were acquired us-
ing a textile wearable Holter placed on the thorax, with a
sampling frequency of 250 Hz and a resolution of 12 bits
over a dynamic range of 5 mV. The detection of parox-
ysmal AF episodes in these ECG signals was automati-
cally addressed [8], but under visual supervision of two ex-
pert physicians. Additionally, they also manually catego-
rized the ECG segments into noisy or clean based on their
ability to detect R-peaks. Segments where R-peaks were
clearly identifiable were labeled as high-quality, while the
remaining segments were considered low-quality. The re-
viewers also identified arrhythmias other than AF, as well
as premature ventricular and atrial contractions, within the
high-quality ECG intervals, labeling them as other rhythms
(OR). From the labeled segments, 10,000 noisy and 10,000
high-quality 5-second ECG excerpts were randomly se-
lected to create our final database.

On the other hand, the public PhysioNet/CinC Chal-
lenge 2017 database [9] was used for testing. This com-
prises 8,528 ECG recordings, ranging in duration from 30
to 60 seconds. They were obtained using a portable de-
vice connected to a smartphone, which operated with a
sampling frequency of 300 Hz and 16-bit resolution. An-
notations from several experts related to four classes, i.e.,
sinus thythm, AF, OR and noisy excerpts, are also pro-
vided. Subsequently, the recordings were segmented into
5-second excerpts, resulting in 47,439 high-quality and
1,168 low-quality ECG intervals.

2.2.  PP-based representation of the ECG

Before transforming the ECG signal to a PP, it was pre-
processed. Thus, since different sampling rates were used
to acquire the signals in each dataset, if needed, the ECG
excerpt was firstly resampled at 250 Hz. Next, it was nor-
malized through a min-max scaling and its values were re-
stricted to the range —1 and 1. Then, the well-known Tak-
ens’ delay embedding theorem was used to represent the

Figure 1. Two typical 5 second-length ECG segments, on
the top, the ECG excerpt belonging to a high-quality class
converted to (a) PP-based and (b) CWT-based images, on
the bottom, the ECG interval belonging to a low-quality
class, (c) PP-based and (d) CWT-based images.

ECG into a PP using an embedded dimension m of 2 sam-
ples and a time delay of 1 sample. In brief, this approach
is based on plotting the original time series versus its time-
delayed copies [10] and, for every normalized ECG seg-
ment x(n), these time-lagged vectors were obtained as

X(i) = {x(i),x(i+1),x(i+2),...,x(i+m-1)}, (1)

¢ ranging from 1 to N — (m — 1), and N being the length
of the ECG segment. Hence, the PP-based representation
of the ECG signal was obtained by plotting X (i) versus
X(i+ 1). Finally, to convert this plot into an image, it
was divided into a grid of 227 x 227 cells, and a Jet col-
ormap with 128 colors was applied to the range of val-
ues obtained by computing the logarithm of the number of
points in each grid cell. As an example, Figure 1(a), shows
the PP-based representation of a typical 5 second-length
high-quality ECG excerpt, whereas Figure 1(c) depicts a
PP-based graph of a common 5 second-length low-quality
ECG segment.

2.3. CWT-based image of the ECG

To serve as a reference, the ECG signal was also con-
verted into a 2-D image using CWT. This transform has
been widely used in previous works dealing with ECG
quality assessment because it is able to jointly exploit in-
formation from time and frequency domains, thus achiev-
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ing deep abstractions of the high- and low-quality ECG
excerpts [6]. Shortly, CWT decomposes the ECG signal
into several time scales, each one representing a certain
frequency range in the time-frequency plane. This results
in a 2-D matrix containing a detailed map of wavelet coef-
ficients whose location is based on their size and position.
Applying a colormap to this matrix, an image known as a
wavelet scalogram is obtained. To be inputted to AlexNet
and comparable to the previous PP-based representation of
the ECG, the scalogram was resized to 227 x227 points.
Figurel(b), shows the same high-quality ECG excerpt as
before transformed into a CWT-based image, as well as
Figure 1(d) depicts the same low-quality ECG interval as
before transformed into a CWT-based image.

2.4. Experimental setup

AlexNet is a very popular CNN architecture, which has
been used in a broad variety of applications [11]. It is com-
posed of eight layers with the ability to learn, where five
are convolutional and three are fully-connected. Moreover,
two pooling layers are also included in the model to reduce
the spatial dimension of the feature map, while the most
relevant information is preserved. Based on this network,
two models were generated for the classification of high-
and low-quality ECG segments, one inputted with the PP-
based images and another with the CWT-based ones.

The transfer learning paradigm was used in both cases
by initializing all the layers of AlexNet with the knowledge
learned from ImageNet [12]. Any layer was frozen during
the fine-tuning with the proprietary database previously
described, but the last fully-connected layer was modified
for a two-class classification. For this process, a batch size
of 512 images, 100 epochs of training, and a stochastic
gradient descent algorithm with a constant learning rate of
0.01 were selected. Nonetheless, to minimize overfitting,
an early stopping approach was considered. Indeed, the
training process was stopped when the validation accuracy
did not improve for 5 consecutive epochs.

To quantify the performance of both models on the
testing dataset, common metrics like sensitivity (Se) and
specificity (Sp) were computed. Nonetheless, given that
the PhysioNet/CinC Challenge 2017 database presented a
strong unbalanced number of high- and low-quality ECG
excerpts, alternative indices have also been proposed to
provide more truthful scores, including Balanced Accu-
racy (BAcc) and Fi-score. Moreover, the average time
required by the two models to classify a 5 second-length
ECG sample in the testing stage was also measured as an
estimation of computational cost.

3. Results

Table 1 summarizes the main outcomes reported by the
two performed classification models. As can be seen, no
larger differences were noticed between the performance
metrics, since values of Se, Sp, and B Acc approximately
ranged between 80% and 90%, and values F}-score were
greater than 91%. Nonetheless, whereas a McNemar test
reported no statistically significant differences in global
terms of BAcc and F'1-score for both models, a statistical
significance lower than 0.05 was obtained both between
values of Se and values of Sp. Precisely, the model in-
putted with PP-based images presented significantly larger
values of Sp, and the another one (fed with CWT-based
images) notably larger values of Se. Regarding the average
time spent by the two algorithms for classification of every
testing 5 second-length ECG segment, the first model was
about 3 times faster than the second one, requiring 14 ms
per image versus 42 ms per image.

4. Discussion

As Figure 1 shows for typical examples of high- and
low-quality excerpts, the two ECG transformations gener-
ate very different 2-D distributions of points. In general
terms, whereas the CWT-based image presents the infor-
mation in a more evenly distributed and uniform manner
throughout the plot, the PP-based image concentrates most
points around the diagonal of the graph. Nonetheless, the
global classification performance of AlexNet in both cases
was very similar, with values of BAcc and Fy-score dif-
fering by about 1% and 3.5%, respectively. Interestingly,
although larger differences were noticed by both models
between values of Se and values of Sp, their performance
was complementary. Indeed, the PP-based images were
able to generalize better for the detection of low-quality
ECG excerpts, while the CWT-based images for identifi-
cation of high-quality ones. Hence, a potential combina-
tion of both classifications should be explored in search
of better quality assessment of wearable, single-lead ECG
recordings.

Regarding computational load, the model inputted with
PP-based images was notably faster than the other one.
Since the same CNN architecture was used in both cases,
the fact that PP-based reconstruction of the ECG does not
require mathematical computation could explain this re-
sult. Additionally, in a recent work using the same vali-
dation framework [13], this ECG transformation has also
reported a much lower computation time (between 8 and
10 times lower) when a lightweight CNN, with less than
160,000 parameters and trained from scratch, was used
instead of AlexNet. In this case, the classification of
high- and low-quality ECG excerpts on the testing dataset
still remained very similar, with values of Se, Sp, BAcc,
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Table 1. Performance metrics reported by the two generated models based on AlexNet.

ECG image Se Sp BAcc Fi-score Time/ECG interval (ms)
PP-based 0.839 0.897 0.868 0911 14
CWT-based 0904 0.810 0.857 0.947 42

and Fj-score about 85%, 83%, 85%, and 91%, respec-
tively [13]. Hence, these findings suggest that this PP-
based representation of the ECG might also be useful in
developing new methods for quality assessment of the sig-
nal based on tiny CNN architectures and minimal training.

5. Conclusions

The utilization of a pre-trained CNN scheme fed with
ECG transformation into a PP-based image has proven to
be a quick and useful approach for quality assessment of
the signal. Moreover, this ECG representation seems to
provide different and complementary information to the
common CWT-based scalogram, so that combination of
the classifications provided by both approaches could im-
prove quality assessment of wearable, single-lead ECG
recordings acquired from paroxysmal AF. Nonetheless,
this will have to be explored in the future.
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