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ABSTRACT
Purpose: Atrial fibrillation (AF), the most common among cardiac arrhythmias, is asso-
ciated with significant morbidity and mortality. For its diagnosis, documentation of the 
electrocardiographic tracing is required. The use of eletrocardiogram has been estab-
lished as a valuable noninvasive diagnostic tool, and the interpretation of electrocar-
diographic records using deep learning models has attracted significant attention in re-
cent years. Relying on signal-to-image and transfer learning approaches, this study is 
aimed at the development of a deep neural network for classifying binary electrocar-
diographic records according to their rhythm, i.e., normal or AF. 
Methods: Electrocardiographic records labeled as normal (n=917) or AF (n=1,097) 
from the China Physiological Signal Challenge 2018 were collected and used to gener-
ate images, which were split into training and test sets and used as inputs to a dense 
convolutional neural network (DCNN). For the training, transfer learning with a fine tun-
ing of all layers was applied. For a performance evaluation of the test set, the accuracy, 
sensitivity, specificity, F1-score, and area under the curve (AUC) were used as metrics. 
Results: For the test set, the proposed model achieved an accuracy of 99.34%, sensitiv-
ity of 98.85%, specificity of 100.00%, F1-score, of 99.42%, and AUC of 0.99. 
Conclusion: To validate the methodology, as well as apply it to the multilabel classifi-
cation of arrhythmia, it is important that further studies adopting this approach be con-
ducted for the detection of AF in larger volumes of data.
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INTRODUCTION

Atrial fibrillation (AF), which affects more than 33 million individuals worldwide and whose in-
cidence and prevalence has grown considerably in recent decades, is the most common 
among cardiac arrhythmias [1,2]. This condition is associated with significant morbidity and 
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mortality—being a well-established risk factor for cardiovas-
cular events such as ischemic stroke and heart failure—and 
imposes a significant burden on health systems globally [3]. 
Moreover, it is a condition whose diagnosis and management 
can be challenging, imposing difficulties in terms of its quan-
tification and the measurement of its impact [4].

AF is defined as atrial tachyarrhythmia with uncoordinated 
atrial electrical activation and consequently ineffective atrial 
contraction. For the diagnosis of clinical AF, documentation 
of the electrocardiographic tracing for at least 30 seconds is 
required. The characteristics of this rhythm disorder shown 
through an electrocardiogram (ECG) include irregular atrial 
activations, the absence of repeating P waves, and irregularly 
irregular intervals between R waves (R-R intervals) [5].

Electrocardiographic signals contain information about 
the morphology, heart rate, regularity, wave segments, rela-
tive amplitudes, wave intervals, and normalized energy of a 
given heart rhythm [6]. In view of this, an ECG has been es-
tablished as a valuable noninvasive tool for the identification 
and classification of cardiac rhythm abnormalities. Consid-
ering its clinical relevance and popularity, the interpretation 
of electrocardiographic records using artificial intelligence 
techniques, more specifically, deep learning models (which 
have shown significant potential in the medical field), has at-
tracted attention in recent years [7,8]. 

For most of the classification models used in electrocar-
diographic data developed thus far, the use of one-dimen-
sional (1D) ECG signals (that is, 1D time series) has been ad-
opted as inputs to dense convolutional neural networks 
(DCNNs). Less commonly, such data are converted into imag-
es, which are used as two-dimensional (2D) inputs [7,9]. Al-
though not as usual, one should consider the potential of 
this second approach, which allows as an example the use of 
pretrained weights on large image sets, whose number of in-
stances usually significantly exceeds the time series datasets.

Relying on the conversion of signals into images and the 
use of transfer learning, in line with the above, the present 
work aims at the development of a 2D deep neural network 
for a binary classification of electrocardiographic records ac-
cording to their rhythm, i.e., normal or AF.

METHODS

The 12-lead electrocardiographic records used to develop 
the model were collected from the repository of the China 
Physiological Signal Challenge 2018 [10], consisting of 9,831 
ECG recordings sampled as 500 Hz obtained from 11 hospi-

tals, and for inclusion in the present study were labeled as 
normal (n=917) or AF (n=1,097). The records, originally in 
the format of 12 1D time series (each corresponding to an 
ECG channel, i.e., I, II, III, aVR, aVL, aVF, V1, V2, V3, V4, V5, and 
V6) were converted into images, each of which encompasses 
the signal plots of each channel in a 4×3 arrangement. 

The generated images were subdivided at an 85%/15% ra-
tio into training and validation set, respectively, and convert-
ed into arrays with dimensions of 349×231×3. The training 
set encompassed 789 records labeled as normal and 923 re-
cords labeled as AF, whereas the validation set encompassed 
128 normal records and 174 AF records. To make them suit-
able inputs to the proposed architecture, arrays were prepro-
cessed using the densenet function. In addition, 361 records 
(199 normal and 162 AF) randomly selected from a diferent 
dataset, i.e., a 12-lead ECG database for arrhythmia research 
published by Zheng et al. [11], were used as an external test 
set.

To build the binary classifier, the DenseNet-201 architecture, 
a densely connected convolutional network with four dense 
blocks and a total of 200 convolutional layers, was used. This 
architecture is based on the presence of dense convolutional 
blocks (which connect each layer to every other layer in a 
feed-forward fashion), with convolutional and pooling transi-
tion layers between them [12]. The connectivity pattern of the 
layers of a dense block and an overview of the DenseNet-201 
architecture are illustrated in Fig. 1.

The original top layer (a dense layer with sigmoid activation 
and 1,000 units) was replaced with a dense layer having a sig-
moid activation and 1 unit, and is thus adjusted based on the 
purpose of the binary classification. The output of the last con-
volutional block was resized from four-dimensions (4D) into 2D 
by average pooling. The architecture was initialized with 
weights pretrained on the ImageNet dataset, and proceeded 
the fine tuning of all layers.

The model was trained for 50 epochs on the training set, 
which was divided into batches of 4 data. As a regularization 
measure, a dropout layer was added previously to the final lay-
er, with a rate of 0.2. Finally, the performance of the classifier 
was evaluated on the test set, with the determination through 
the following metrics: accuracy, sensitivity, specificity, F1-score, 
and area under the curve (AUC). All steps of the model devel-
opment and evaluation were applied using Python version 
3.6.9 (Python, Wilmington, DE, USA), applying the Keras library 
[13].

Because this is a retrospective study and all data used were 
retrieved from a public, open-source, and anonymized data-
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set, a review by the institutional review board and written in-
formed consent were waived.

RESULTS

The predictive model developed consisted of a 201-convolu-

tional layer DCNN (feature extractor), whose weights were 
pretrained on the large ImageNet dataset and fine-tuned us-
ing the training set, and connected to a final dense layer out-
put with a sigmoid activation (binary classifier). The training 
set encompassed 789 records labeled as normal and 923 re-
cords labeled as AF.

Table 1. Metrics for model performance in validation and test set

Set Number
Metrics (%)

Accuracy Sensitivity Specificity F1-score

Validation 302 99.67 99.22                  100.00 99.61
Test 361 94.45                  100.00 89.90 94.19 
Total unseen data 663 96.83 99.70 93.88 96.96

The total unseen data represents the sum of both validation and test sets.

Fig. 1. Schematic representation of dense blocks and DenseNet-201 architecture. (A) It shows the pattern of dense connections in a 4-layer 
block, while (B) shows the general structure of the DenseNet-201, with 4 dense blocks and 200 convolutional layers. NC, number of convolutions.
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Fig. 2. Receiver operating characteristic curve for atrial fibrillation detection in electrocardiographic records of validation and test sets using 
the proposed 2D-dense convolutional neural network model. This curve demonstrates the great trade-off between sensitivity and specificity 
achieved, with an area under the curve (AUC) of 1.00 for validation set (A) and of 0.99 for test set (B).
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An Adam optimizer was adopted as the model optimiza-
tion algorithm, with a learning rate of 0.001, and the loss func-
tion used was binary cross entropy. During the training, the 
classes were weighted inversely proportional to their fre-
quencies.

The accuracy, sensitivity, specificity, and F1-score for the in-
ternal validation set (128 normal records and 174 AF records), 
external test set (199 normal records and 162 AF records), and 
total unseen data (validation+test sets) are shown in Table 1. 
The numbers of true positives and true negatives in the vali-
dation set were 173 and 128, respectively, and in the test set 
were 162 and 179. The ROC curves for both sets and their re-
spective AUC values are presented in Fig. 2.

For the records coming from the China Physiological Sig-
nal Challenge 2018 dataset (which made up the training set 
and the internal validation set), a mean age of 71.4 years (±
18.4) was observed for the AF records and 41.6 years (±12.6) 
for the normal records. Among the AF patients, there were 
476 women and 622 men, whereas among the healthy pa-
tients, there were 555 women and 363 men. For the external 
test set, the AF records comprised 64 women and 98 men, 
with a mean age of 73.3 years (±12.2), whereas the normal 
records comprised 114 women and 85 men, with a mean age 
of 55.5 years (±16.6).

DISCUSSION

AF is a major global health problem, associated with severe 
adverse outcomes, and its burden is expected to increase up 
to 60% by 2050 [2,14]. Thus, the automation of the diagnos-
tic decision processes related to this arrhythmia has signifi-
cant potential to contribute both clinically and economically 
in the coming decades. Consistent with this context, the pre-
dictive model based on a pretrained 2D dense neural net-
work proposed in this study was able to classify 12-channel 
electrocardiographic records according to the presence or 
absence of AF with an accuracy of 96.83%, sensitivity of 
99.70%, and specificity of 93.88% on unseen data.

Previous studies have documented the identification of AF 
in ECG data using different approaches. For example, Tutuko 
et al. [15] proposed a 1D-DCNN that is able to detect AF in 
unseen data, differentiating it from normal recordings, with 
an accuracy of 98.8%. A multilabel (AF vs. normal vs. other ar-
rhythmia) 1D-DCNN reported an AF detection accuracy of 82% 
[16]. In another study, a fine-tuned stack sparse autoencoder 
achieved an accuracy of 98.3% for AF recognition [17]. Xia et 
al. [18] used short-term Fourier and stationary wavelet trans-

forms to generate 2D inputs for DCNNs, and through this ap-
proach they were able to detect AF with 98.6% accuracy.

Based on the results obtained through this study and a com-
parison with the results obtained in previous research, we 
demonstrate herein the potential of the signal-to-image ap-
proach when combined with deep learning, transfer learn-
ing, and a fine-tuning for the analysis of ECG data used in the 
detection of AF and potentially other types of arrhythmia. In 
this sense, the generation of 2D data, which is  even used in 
an analysis of a typical ECG interpretation achieved by physi-
cians, given from an analysis of graphical representations of 
cardiac electrical signals, allows the use of pretrained archi-
tectures in large datasets, with a significant contribution in 
terms of accuracy. Considering that deep learning has not 
yet been widely used in an ECG analysis owing to a small 
training collection and the specificity of ECGs [17], this sig-
nal-to-image approach may help to expand such use. Anoth-
er great contribution of this methodology is to dismiss the 
need for manual feature extraction.

A potential limitation of this study is the fact that records of 
other types of arrhythmia were not included in the analysis, 
and only the discrimination between AF and normal ECG was 
made. However, the validity of this binary approach is under-
stood in the sense of a methodological contribution concern-
ing the investigation of a greater adequacy regarding the in-
terpretation of a certain type of signal entity. Another limita-
tion considered is the relatively small volume of data used, a 
fact that contrasts with the high quality of the data applied.

Finally, it is important to highlight the importance of test-
ing and validating different algorithmic approaches, particu-
larly in the context of deep learning, for the automated de-
tection of AF, enabling the development of accurate and reli-
able diagnostic tools.  The present study is aligned with this 
goal. With the development of such systems, a significant 
contribution to the clinical approach to dealing with this type 
of arrhythmia and the reduction of the costs related to such 
an approach, has become feasible particularly when consid-
ering that the interpretation of electrocardiographic records 
is a time-consuming activity, which requires high qualification 
and practice.

In conclusion, AF is a condition of significant clinical and epi-
demiological relevance whose diagnosis is established from the 
interpretation of electrocardiographic recordings. Contributing 
to the efforts to automate this diagnosis using deep learning sys-
tems, in this paper, the integration of signal-to-image conversion 
and transfer learning with fine tuning approaches is proposed 
for use in a dense neural network capable of classifying ECG data 
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as normal or AF with high accuracy and optimal sensitivity.
Further studies adopting this approach must be conducted 

for the detection of AF in larger volumes of data, thereby vali-
dating the methodology, as well as for the multilabel classifi-
cations of arrhythmias and other physiological signals from 
other types of tests.
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