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Abstract

Novel ECG wearable systems offer the possibility of
continuous cardiac monitoring by acquiring long periods
of ECG signal uninterruptedly. However, ECG signals ob-
tained from these wearable devices often suffer from severe
noise, requiring automated quality assessment. Recent ad-
vancements have demonstrated the effectiveness of convo-
lutional neural networks (CNNs) for that purpose. The
transfer learning approach has been widely used in vision
and natural language domains, however its application to
an ECG signal interpreted as audio data remains relatively
unexplored. Therefore, this study aims to analyze the ap-
plicability of this technique in the assessment of ECG sig-
nal quality. The ECG recordings were conditioned to be
inputted to the pre-trained audio network YAMNet, which
was fine-tuned to discern between low- and high-quality
ECG excerpts. Briefly, after the training process with a
proprietary balanced dataset, the model was validated and
externally tested using a publicly available database. Re-
sults showed a slight unbalance between sensitivity and
specificity values, obtaining rates of about 82% and 74%
respectively. This performance is similar to that obtained
by previous algorithms based on wider and deeper CNN
architectures. Hence, audio-based transfer learning seems
to work successfully in ECG quality assessment and its use
in other healthcare applications could also be explored.

1. Introduction

The diagnosis of many cardiovascular diseases (CVDs)
is usually performed through the resting electrocardiogram
(ECG), still today one of the most used cardiac tests [1].
Nonetheless, the short ECG recording lasting for approx-
imately 10 to 20 seconds is insufficient for detecting in-
termittent heart conditions like paroxysmal atrial fibrilla-
tion (AF). Although traditional ambulatory systems can
record ECG signals over several days, recent studies have
shown that the success rate of detection of this arrhythmia
is related to the length of the recording [2]. According to
this scenario, novel wearable devices able to continuously

monitor ECG for weeks or even months without interfering
with the patient’s daily activities offer a significant oppor-
tunity. They can enhance the early detection of hidden AF
and reduce its rapidly increasing prevalence [3].

Although these novel technologies have presented great
potential, the quality of the ECG signal is compromised
when it is obtained during the patient’s daily activities [4].
Thus it is imperative to address the problem of assess-
ing the quality of the ECG recordings in order to reduce
misinterpretation and the large number of false alarms of
AF [5]. Nevertheless, the vast amount of data makes it
unfeasible to manually visualize entire signals. Because
of this, cutting-edge techniques for automatically assess-
ing the quality of long-term ECG recordings have achieved
substantial advances, making artificial intelligence systems
the newest approach in this task’s development.

The most recent works have utilized pre-trained convo-
lutional neural networks (CNNs) to assess the ECG signal
quality automatically [6], as opposed to more traditional
methods based on manual feature extraction or fiducial
point detection [7]. One of the most common ways to use
CNNs is under the paradigm of transfer learning, i.e. us-
ing the knowledge of training CNNs and applying it to a
new task. Well-known CNN models were pre-trained by
inputting huge datasets from natural images, and the fine-
tuning process was usually developed by turning the ECG
excerpts into images. In this sense, several time-frequency
transformations such as continuous wavelet transform or
phase space plots have been proposed [8, 9].

Nonetheless, some very recent CNN models have been
pre-trained by using large audio datasets instead of images.
Usually, these networks have been fed by 2-D transforma-
tions of audio data and previously acquired knowledge dur-
ing pre-training could be suitable for assessing the ECG
signal quality, but this alternative remains unexplored. Re-
cently, a new model of a pre-trained audio network called
YAMNet achieved promising results dealing with audio
signals in healthcare applications [10]. Therefore, the pro-
posed work aims to explore the abilities of YAMNet to as-
sess automatically the quality of ECG recordings once this
signal has been properly conditioned.
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2. Materials and methods

2.1. Databases and data pre-processing

The performance of a new algorithm needs a robust
testing framework to obtain realistic outcomes and avoid
biased results attached to training and testing proce-
dures [11]. Thus, during the training stage, a proprietary
database (PDB) was initially used for the fine-tuning of
YAMNet. The ECG signals in this database were ob-
tained from 36 patients (16 men and 20 women) using
an electrode-equipped vest able to capture signals with a
sampling frequency of 250 Hz and a resolution of 12 bits
over a dynamic range of ±5 mV. Labeling of ECG seg-
ments involved specialized clinicians who categorized the
data into two classes: high- and low-quality. Thus, ECG
intervals were tagged as noisy when all R-peaks in a seg-
ment could not be confidently distinguished. Addition-
ally, it was acknowledged that the high-quality class in-
cluded AF episodes, normal sinus rhythm (NSR) and other
rhythms (OR). Consequently, the PDB dataset comprised
20,000 5-second-length ECG intervals, evenly distributed
between classes. In the high-quality group there are 7,650,
1,750 and 600 5-second-length ECG excerpts correspond-
ing with NSR, AF and OR respectively.

For external testing of the proposed algorithm, the well-
known and publicly available PhysioNet/CinC Challenge
2017 database (PC2017DB) was used [12]. Significant
differences between the acquisition system used in this
database exist with respect to PDB. The main dissimilar-
ity is that an under-demand device was used to collect
PC2017DB, i.e., it only acquires a signal when the pa-
tient requests it. Moreover, this recording instrument cap-
tures the electrical activity of the fingertips at a frequency
of 300 Hz and with a resolution of 16 bits. These dif-
ferences in the acquisition of ECGs and consequently in
their morphologies make the training and testing process
of the proposed algorithm very challenging and result in a
very realistic view of the generalisability of the algorithm.
Additionally, the available data was categorized into two
groups: noisy signals belonged to the low-quality class,
while AF, NSR, and OR were included in the the high-
quality class as above with PDB. Consequently, after seg-
menting and processing, 48,607 5-second-length ECG ex-
cerpts were considered for analysis.

On the other hand, as YAMNet is a network designed to
extract data from audio signals, all 5-second-length ECG
intervals were properly pre-processed. First, the amplitude
of every ECG excerpt was normalized through a rescaling
process clipping the input data to the range −1 and 1. In
this way, the shape of the ECG signals remains the same.
Second, the ECG excerpts were up-sampled to 16 kHz to
fit audio requirements.

2.2. YAMNet architecture

YAMNet is a deep neural network model trained on the
AudioSet-YouTube corpus to discern between 521 audio
event classes [13, 14]. It is based on the version 2 of the
architecture Mobilenet [15], which is built on depth-wise
separable convolutions, with the exception of the initial
layer that is a standard convolution. This simplistic net-
work definition facilitates the exploration of new topolo-
gies to identify an optimal network configuration. More-
over, all layers are followed by a batch normalization and
rectifier linear units nonlinearity, except for the last fully
connected layer which lacks nonlinearity and feeds into a
softmax layer for classification purposes [14]. Therefore,
the architecture of YAMNet has a convolution layer after
the input layer. These two layers involve a previous step to
a cascade of point-wise and depth-wise separable convolu-
tion layers. This new approach deal with audio waveforms
with an arbitrary length, sampled at 16 kHz.

Despite YAMNet is designed to extract information
from audio signals, this audio data is transformed into
a spectrogram using a Short-Time Fourier Transform
(STFT) with a periodic Hann window, a window hop of
10 ms, and a window size of 25 ms. Subsequently, a
mel-spectrogram is computed with the information of the
STFT, mapping to 64 mel bins, which span the frequency
range 125-7500 Hz. Thus, this mel-spectrogram is time-
frequency representation on the mel-scale, which is a per-
ceptual scale of pitches judged by listeners to be equal
in distance from one another. In other words, this mel-
spectrogram is a 2-D representation where one axis rep-
resents time, the other axis represents frequency, and the
color represents the magnitude (amplitude) of the observed
frequency at a particular time [16]. A final matrix with a
dimension of 96×64 is obtained and used to feed the CNN.
An example of a typical high-quality 5-second-length ECG
segment along with its mel-spectrogram is depicted in Fig-
ure 1 (a) and (c) respectively. In the same way, the Fig-
ure 1 (c) shows a 5-second-length ECG interval belonging
to the low-quality class alongside its corresponding mel-
spetrogram (d).

2.3. Experimental setup

For ECG quality assessment, the knowledge acquired by
YAMNet in its pre-training was maintained [13]. Nonethe-
less, its last fully-connected layer was modified for pro-
viding a two-classes classification. Moreover, the network
was fine-tuned on the PDB.

In short, following a typical holdout approach, 80% of
the training set was utilized for the fine-tuning process and
the remaining 20% for the validation and early stoping
when accuracy was maintained or decreased for five con-
secutive epochs. The fine-tuning stage was configured uti-
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Figure 1. A 5-second-length ECG excerpt labeled as high-quality class (a) along with its mel-spectrogram (b).

lizing a batch size of 128 images and 20 epochs, applying
a shuffle of the samples at every epoch. Finally, the model
was tested on the PC2017DB. Besides classical statistical
values of sensitivity (Se), specificity (Sp), balanced accu-
racy (BAcc), and F1-score. Moreover, within the high-
quality group, the correct classification rate of the differ-
ent rhythms was also obtained. Thus, the index RNSR
computed the number of ECG excerpts belonging to NSR
properly assessed, and the indicator RAF evaluated the
percentage of ECG intervals from AF rightly detected, and
finally the value ROR measured the success rate of ECG
branches included in OR. This last information was partic-
ularly important to understand how the classifier behaved
when there were different rhythms within a database.

3. Results

Table 1 presents classification results obtained by YAM-
Net in validation and testing phases. As can be seen,
whereas the validation outcomes exceeded 93% in all
cases, even reaching 99% in Se, Sp, BAcc, F1-score, and
RAF values, the testing results were slightly lower. Al-
though the metric F1-score that combines precision and re-
call surpassed 90%, a notable unbalance of about 8% was
observed between Se and Sp metrics, which involves a
performance fall about 18% and 25% respectively. More-
over, related to the outcomes within the high-quality class,
the well-detected ECG segments belonging to AF rhythm
obtained more than 83% of success rate. This value is
modestly superior to those obtained when the rhythms be-
long to NSR and OR in which the values were about 5%
and 6% lower respectively.

4. Discussion

The utilization of a new audio-based pre-trained net-
work to assess the quality of ECG signals has proven to be
an effective alternative. Thus, the knowledge of YAMNet
acquired by using the large AudioSet-YouTube corpus [14]
has allowed this new approach to reach Se and Sp values
above 99% in the validation phase, and Se and Sp of about
82% and 74% respectively in the testing stage. It was also

noted that the model is prone to classify the ECG segments
as high-quality class, possibly because the network was
able to identify a common pattern on high-quality ECG
excerpts. In contrast, noisy segments are more chaotic
and unpredictable. Regarding the results within the high-
quality group, the same trend was observed in the valida-
tion and testing sets since the RAF index performed better
in both cases, whereas the ROR value dropped its output
slightly. This is a very valuable result since AF segments
usually have common morphological and frequential fea-
tures with some kinds of noise present in ECG recordings.

Notwithstanding the lack of previously published lit-
erature since YAMNet has been recently designed, the
present outcomes are in line with previous work dealing
with ECG signal quality assessment when tested with the
same database, as can be seen in Table 2. In the work pro-
posed by [9] et al., a phase space plot (Poincaré) was gen-
erated to be the input of a pre-trained CNN model, reach-
ing Se and Sp values of about 81% and 85% respectively,
showing the opposite trend than the proposed work, but re-
taining F1-score outcomes with a difference below 0.5%.
On the other hand, when the quality assessment was per-
formed with traditional machine learning techniques in-
stead of CNNs, comparable findings in the testing stage
were encountered. For instance, following the approach
proposed by Albaba et al. [17], the obtained values of Se
and Sp were about 73% and 80% respectively. However,
the F1-score falls by around 5%. Likewise, according to
the guidelines suggested in the paper of [18] the outcomes
presented a large imbalance of Se and Sp about a 20%,
also showing a lower value of F1-score than previous ap-
proaches.

5. Conclusions

A new audio-based pre-trained network has been pro-
posed as an effective alternative for assessing the quality
of the ECG signals, obtaining comparable results to previ-
ous works. The utilization of pre-trained networks under
the paradigm of transfer learning could be an efficient al-
ternative in other health applications.
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Table 1. Statistical values for the validation and testing process using YAMNet.
Set Se Sp BAcc F1 RNSR RAF ROR
Validation 0.991 0.999 0.995 0.995 0.942 0.998 0.938
Testing 0.825 0.741 0.783 0.901 0.817 0.834 0.811

Table 2. Comparative results with reference methods.
Approach Se Sp BAcc F1

Poincaré plot [9] 0.813 0.854 0.833 0.895
Albaba et al. [17] 0.739 0.804 0.771 0.847
Behar et al. [18] 0.712 0.890 0.801 0.830
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B, et. al. Searching for atrial fibrillation: looking harder,
looking longer, and in increasingly sophisticated ways. An
EHRA position paper. Europace Feb 2023;25(1):185–198.

[3] Lippi G, Sanchis-Gomar F, Cervellin G. Global epidemiol-
ogy of atrial fibrillation: An increasing epidemic and public
health challenge. Int J Stroke Feb 2021;16(2):217–221.

[4] Smital L, Haider CR, Vitek M, et. al. Real-time quality as-
sessment of long-term ECG signals recorded by wearables
in free-living conditions. IEEE Trans Biomed Eng 2020;
67(10):2721–2734.

[5] Ding EY, Marcus GM, McManus DD. Emerging technolo-
gies for identifying atrial fibrillation. Circ Res Jun 2020;
127(1):128–142.
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