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Abstract

Deep learning methods have shown promising results
for ECG signal quality assessment for standard ECG po-
sitions. However, their performance on ECG signals ac-
quired with PCG-oriented devices, which present differ-
ent morphologies, remains largely unexplored. This study
evaluates a method based on the pre-trained convolutional
neural network AlexNet on ECG signals from a PCG-
oriented device and examines the impact of minimal fine-
tuning using limited subject data. The algorithm, origi-
nally trained on a dataset of near-standard ECG segments,
was tested on 1,465 5-second ECG intervals recorded si-
multaneously with PCG signals at the main auscultation
sites. This experiment resulted in an accuracy of 71.5%,
with a sensitivity of 56.6% and a specificity of 96.1%, re-
vealing the impact of morphology variations on classifi-
cation performance. To improve adaptation, a lightweight
fine-tuning strategy was investigated using data from 1, 5,
10, 15, 20 and 25 patients from the target database. Fine-
tuning with data from a single patient increased accuracy
by about 14% and sensitivity by more than 30%, achieving
the best performance with data from ten patients. These re-
sults demonstrate that the analyzed model was efficiently
adapted to ECG signals acquired with PCG-oriented de-
vices using a limited amount of target-specific data, sup-
porting its deployment in new acquisition environments.

1. Introduction

Auscultation has traditionally been the primary method
for assessing cardiac activity. Among the available tech-
niques, PCG remains widely used due to its non-invasive
nature, ease of implementation, and relatively low cost [1].

Furthermore, advances in modern technology have led to
the development of novel devices that integrate PCG sig-
nal acquisition with ECG, thereby providing powerful di-
agnostic tools for use in primary care settings [2]. These
ECG signals are recorded at common PCG auscultation
sites rather than at standard ECG acquisition locations,
providing complementary information about cardiac func-
tion and potentially enabling more accurate and robust di-
agnoses than conventional approaches [3]. Nevertheless,
the portable nature of these devices can compromise ECG
signal quality due to increased susceptibility to noise and
recording artifacts, emphasizing the importance of robust
signal quality assessment (SQA) procedures.

Several methods have been proposed for automated
ECG quality assessment, ranging from traditional ap-
proaches based on handcrafted features and statistical met-
rics to more recent deep learning techniques [4]. Early
methods typically relied on fiducial points or fixed deci-
sion thresholds. Although these approaches are often inter-
pretable and computationally efficient, their performance
may be limited when dealing with highly variable record-
ing conditions. More recently, advances in artificial intel-
ligence have enabled the development of data-driven solu-
tions capable of automatically learning discriminative rep-
resentations directly from raw signals. In particular, con-
volutional neural network (CNN)-based methods have at-
tracted considerable attention and have demonstrated ex-
cellent performance in ECG quality assessment tasks when
developed and validated using standard-lead recordings ac-
quired under controlled conditions and morphologically
homogeneous datasets [5]. Their ability to capture com-
plex temporal and morphological patterns without exten-
sive feature engineering has positioned CNNs as one of
the most promising approaches for automated ECG qual-
ity evaluation [6].



Despite the remarkable progress achieved by CNN-
based SQA methods, an important research gap remains
in the literature. Most existing studies have focused on
evaluating model performance using ECG recordings ac-
quired using standard or near-standard leads, while the im-
pact of morphology alterations associated with alternative
sensing devices has received little attention. This issue is
particularly relevant for ECG signals obtained from PCG-
oriented devices, where the sensing configuration and mea-
surement conditions may introduce noticeable changes in
the typical morphology of the recorded ECG waveforms.
Such modifications do not necessarily reflect a degrada-
tion of signal quality but may nevertheless influence the
features learned by CNN-based models and affect their
performance. To date, the impact of morphological ECG
variations on SQA has not been systematically evaluated.
Therefore, this study aims to evaluate the impact of these
alterations observed in ECG signals acquired by a PCG-
oriented device on the performance of a previously pub-
lished CNN-based SQA model and examines the need and
impact of minimal fine-tuning using limited subject data.

2. Methods
2.1. ECG quality assessment

In recent years, several studies have addressed the eval-
uation of ECG quality from portable and wearable devices
in order to ensure reliable detection even in challenging
contexts, such as recordings obtained in real-world mon-
itoring environments or from patients with cardiac con-
duction abnormalities. Within this framework, a CNN-
based method has been proposed for the robust qual-
ity assessment of single-lead ECG recordings obtained
from portable and wearable monitoring systems, reporting
high performance [6]. This algorithm converts ECG seg-
ments into time–frequency representations using continu-
ous wavelet transform (CWT). This transformation con-
verted each ECG segment into 2-D images, enabling the
simultaneous analysis of temporal and spectral informa-
tion. The generated images, known as scalograms, were
fed into a CNN trained to automatically distinguish be-
tween high- and low-quality recordings without the need
for signal preprocessing or manual feature extraction.

The algorithm was based on AlexNet, a widely used
CNN architecture consisting of five convolutional layers
followed by three fully connected layers [7]. Originally
developed for large-scale image classification tasks, it has
become one of the most commonly used architectures in
deep learning applications due to its high feature extrac-
tion capability. In the referenced study [6], the pre-trained
AlexNet model was fine-tuned using the wavelet scalo-
grams generated from the ECG segments. The CNN auto-
matically learns relevant patterns from the time–frequency
representations through successive convolution and pool-

ing operations, thereby avoiding the need for manual fea-
ture extraction. To fit the binary classification problem,
the original fully connected layer was modified to discrim-
inate between high- and low-quality ECG segments, and
the network was fine-tuned using a stochastic gradient de-
scent optimization procedure. This approach enabled ro-
bust ECG quality assessment while maintaining the advan-
tages of deep learning-based automatic feature learning.

The proposed approach was fine-tuned using data
from three different monitoring scenarios, including
smartphone-based recordings, home telemonitoring sys-
tems, and wearable textile Holter devices. These signals
contained sinus rhythm, atrial fibrillation (AF) episodes,
other cardiac rhythms, and segments affected by noise and
artifacts, thus representing a challenging and clinically rel-
evant environment. The study reported a discriminative
performance of approximately 94% for identifying high-
quality ECG segments while successfully excluding noisy
recordings by 90%. In addition, it correctly classified the
92% of the ECG intervals affected by AF. These results
demonstrate the effectiveness and reliability of this algo-
rithm using portable and wearable cardiac monitoring de-
vices. Given this strong performance, the algorithm was
selected in the present study to investigate its applicabil-
ity and robustness when analyzing ECG signals acquired
using PCG-oriented devices.

2.2. Dataset and experimental setup
To evaluate the performance, generalizability, and ro-

bustness of the described methodology [6], the approach
was applied to the ULSGE (Unidade Local de Saúde de
Gaia e Espinho) database. This dataset comprises mul-
timodal recordings acquired using different sensing tech-
nologies and acquisition configurations, including stan-
dard 12-lead ECGs, single-lead ECGs, and PCG signals.
For the present study, only the single-lead ECG recordings
acquired simultaneously with PCG at the four main aus-
cultation sites, i.e., tricuspid, pulmonary, mitral, and aor-
tic valve positions were considered. These signals were
recorded using a digital stethoscope ( CardioSleeve, Ri-
juven) with a sampling rate of 500 Hz and recording du-
rations ranging from 22 to 51 seconds and annotated by
a single expert. This database involves 267 patients stay-
ing at the cardiology department of the hospital, with dif-
ferent heart conditions such as normal sinus rhythm and
AF which constitute a challenging dataset due to the vari-
ability in signal quality and acquisition conditions. After
segmenting the data into a 5-second length intervals with-
out overlapping, a total of 1,465 ECG segments were ana-
lyzed, including 914 high-quality segments and 551 noisy
excerpts.

The generalization capability of the selected CNN-
based model for ECG quality assessment was evaluated
in a first zero-shot experiment. Indeed, the pre-trained
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Figure 1. Different examples from ECG signals belonging
to the same patient in the PCG positions aortic (a), mitral
(b), pulmonary (c) and tricuspid (d).

AlexNet architecture was used with the weights obtained
in the original study, where the network had been trained
using 20,000 ECG excerpts of 5-second length from two
balanced classes [6]. This CNN model was externally eval-
uated with the ULSGE database as test set. The ECG sig-
nal morphologies provided by the PCG-based device ex-
hibited significant differences compared with conventional
ECG signals, as shown in Figure 1, which highlights the
challenge of transferring models across acquisition sys-
tems. The scalograms derived from this dataset were di-
rectly provided as input to the network to be classified
using the previously acquired knowledge. No additional
retraining, adaptation, or calibration was performed using
data from the target database. Therefore, this first exper-
iment represented a strict external validation scenario, as-
sessing the model’s ability to classify ECG quality in pre-
viously unseen data with this specific morphology.

To determine whether the performance obtained in the
previous experiment could be further improved, an ad-
ditional study was conducted by incorporating a small
amount of data from the target database into the train-
ing process. Specifically, ECG segments from a randomly
selected single patient were used for a fine-tuning proce-
dure, after which that patient was excluded from the test-
ing set to avoid data leakage and ensure an unbiased eval-
uation. This lightweight fine-tuning strategy was imple-
mented by retraining the entire network, with no layers
frozen. Consequently, the weights of all layers were up-
dated during training, including those of the final fully con-
nected layer, which continued to provide the binary clas-
sification between low-quality and high-quality ECG ex-
cerpts. The model was trained for 30 epochs using a batch
size of 16 and a stochastic gradient descent (SGD) opti-

mizer with a fixed learning rate of 0.01. This methodology
was then repeated using data from 5, 10, 15, 20 and 25
randomly selected patients. Even in the last case, the sam-
ples employed for fine-tuning of the initial algorithm rep-
resented less than 15% of the patients available in the target
database. This experimental setup enabled the assessment
of how limited target-domain data influences model perfor-
mance while maintaining a lightweight adaptation strategy.

For each considered number of subjects, the fine-tuning
procedure was repeated 10 times, randomly selecting the
subjects in each repetition to account for sampling vari-
ability. In all cases, the performance of the algorithm was
assessed through the mean and standard deviation of Sen-
sitivity (Se), Specificity (Sp), and Accuracy (Acc) com-
puted over the 10 conducted iterations. It should be noted
that the class distribution in the test database was not bal-
anced. However, this imbalance did not affect the fine-
tuning procedure, as the dataset was used exclusively for
evaluation purposes. Consequently, the reported metrics
enabled a reliable assessment of the model’s performance
and generalization capability on unseen data.

3. Results

Table 1 summarizes the performance achieved by the
CNN model under different fine-tuning configurations. In
the zero-shot experiment, it reached an Acc of 71.5%, with
relatively low Se (56.6%) but high Sp (96.1%), indicating
a bias toward correct negative classification. The incorpo-
ration of ECG data from one subject of the target dataset
for lightweight fine-tuning led to a substantial improve-
ment, increasing Acc to 85.2% and Se to 88.2%. Further
enlarging the fine-tuning dataset yielded moderate addi-
tional gains, achieving a maximum Acc of 87.6% and Se
of 92.2% when data from ten patients were included, thus
highlighting the progressive adaptation of the model to the
target domain. Moreover, as the number of patients in-
creased, the standard deviation decreased, indicating more
stable estimates and reduced variability. Performance re-
mained stable between 10 and 20 patients. However, a
marked degradation was observed when 25 patients were
included.

Table 1. Performance metrics reported by each experiment
based on minimal fine-tuning strategy.

Fine-tuning Se (%) Sp (%) Acc (%)
None 56.6 96.1 71.5
1 patient 88.2±8.3 80.1±6.7 85.2±5.4
5 patients 89.1±7.7 76.9±4.3 84.5±5.6
10 patients 92.2±5.3 79.8±3.1 87.6±4.3
15 patients 85.6±6.1 85.4±4.7 86.5±4.1
20 patients 88.8±5.1 82.6±4.6 86.6±3.8
25 patients 58.5±3.5 39.5±11.7 49.2±7.9



4. Discussion

The presented results suggest that the knowledge
learned from standard ECG data for quality assessment can
be effectively transferred to signals acquired with PCG-
oriented devices through a remarkably small adaptation
effort. The rapid performance improvement observed af-
ter incorporating data from only a few subjects indicates
that the network can successfully adapt to domain-specific
characteristics with limited exposure to the target distribu-
tion. Furthermore, the algorithm achieved the best perfor-
mance when fine-tuned with 10 patients, highlighting the
efficiency of the analyzed lightweight adaptation strategy
and suggesting that the most relevant quality-related fea-
tures learned from conventional ECG recordings remain
informative in ECG signals acquired with PCG-oriented
devices. Moreover, the model performance declined when
more than 20 patients were included in the adaptation pro-
cess, suggesting potential limitations in the model’s abil-
ity to generalize across increasingly heterogeneous target
populations. Since this degradation was consistently ob-
served when fine-tuning with 25 patients, it may reflect
overfitting to dataset-specific characteristics, reducing the
model’s ability to capture robust quality-related features.
From a practical perspective, these findings suggest that
only a limited amount of annotated target-domain data is
required for effective deployment in new acquisition envi-
ronments.

Despite the limited availability of studies investigat-
ing this particular scenario, a previous contribution also
suggests that fine-tuned models can effectively adapt pre-
trained CNN schemes for ECG quality evaluation [8]. The
results presented by Ribeiro et al. support our findings,
showing that even a highly constrained adaptation process
can achieve substantial performance improvements and ro-
bust discrimination of ECG signal quality.

5. Conclusions

The evaluated model, based on a well-established pre-
trained CNN for ECG quality assessment, demonstrated a
strong capability to operate on ECG signals acquired using
a PCG-oriented device, despite the substantial morpholog-
ical differences between these signals and those recorded
from standard ECG leads. Although the direct application
of the model resulted in a considerable performance degra-
dation, a lightweight fine-tuning strategy using data from
only a small number of subjects was sufficient to markedly
improve classification accuracy. These results underscore
the robustness, transferability, and practical utility of the
proposed CNN-based approach, highlighting its potential
for efficient deployment in novel acquisition settings while
requiring only minimal adaptation effort.
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