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Abstract: Worldwide, heart disease is the leading cause of mortality. Cardiac auscultation,
when conducted by a trained professional, is a non-invasive, cost-effective, and readily
available method for the initial assessment of cardiac health. Automated heart sound
analysis offers a promising and accessible approach to supporting cardiac diagnosis. This
work introduces a novel method for classifying heart sounds as normal or abnormal by
leveraging time-frequency representations. Our approach combines three distinct time-
frequency representations—short-time Fourier transform (STFT), mel-scale spectrogram,
and wavelet synchrosqueezed transform (WSST)—to create images that enhance classifi-
cation performance. These images are used to train five convolutional neural networks
(CNNs): AlexNet, VGG-16, ResNet50, a CNN specialized in STFT images, and our pro-
posed CNN model. The method was trained and tested using three public heart sound
datasets: PhysioNet/CinC Challenge 2016, CirCor DigiScope Phonocardiogram Dataset
2022, and another open database. While individual representations achieve maximum accu-
racy of ≈85.9%, combining STFT, mel, and WSST boosts accuracy to ≈99%. By integrating
complementary time-frequency features, our approach demonstrates robust heart sound
analysis, achieving consistent classification performance across diverse CNN architectures,
thus ensuring reliability and generalizability.

Keywords: phonocardiogram; heart sound classification; time-frequency analysis; deep
learning; signal processing

1. Introduction
According to the Organization for Economic Cooperation and Development (OECD),

the economic impact of cardiovascular diseases and diabetes poses a risk to the future
development and public health sustainability of developing countries [1]. Worldwide,
cardiovascular diseases are the leading cause of morbidity and mortality, with an estima-
tion of 20 million people dying annually from cardiovascular-related diseases in recent
years, representing approximately one-third of all deaths by noncommunicable diseases
worldwide [2]. If adequately performed by a trained physician, cardiac auscultation can
opportunely diagnose cardiovascular diseases (CVDs) at a low cost [3]. Modern digital
stethoscopes allow the acquisition of heart sounds, also known as phonocardiogram (PCG)
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signals, with relatively good quality and simplicity. Recently, a push for the development
of computer-aided diagnosis (CAD) systems based on PCG signals is underway, insomuch
as these signals reflect the mechanics of the heartbeat (HB) [4].

Generally, a healthy phonocardiogram signal consists of two fundamental heart sounds
called S1 and S2. These sounds are generated during the cardiac cycle (CC) by the closure of
the atrioventricular and semilunar valves, respectively [4]. The CC exhibits a quasi-periodic
behavior, formed by the systole (contraction), marking the beginning of S1; and by the
diastole (relaxation), marking the beginning of S2. These sounds only represent a fraction of
each of the CC sections, so there are two moments of quiet in healthy persons: the systolic
(s-Sys) and the diastolic silences (s-Dia). In most cases, individuals with heart pathologies
present additional sounds, such as the S3 and S4 sounds, murmurs, frictions, or clicks.

The PCG is a nonstationary signal, i.e., a signal whose properties and statistics change
as a function of time. The diastole interval is usually longer than the systole interval.
The S1 and S2 heart sounds usually have a duration between 25 and 150 ms, and their
spectral content is mainly in the range from 24 to 144 Hz [5]. In the case of pathologies
(clicks, frictions, and murmurs), their duration varies considerably within the cardiac cycle,
and their spectral content is in the range from 25 Hz up to 700 Hz [6].

Accurately identifying sounds related to heart valve disorders can contribute to mark-
ing cardiac events of clinical relevance. Ideally, early detection can help reduce the mortality
caused by cardiovascular diseases. Computer-aided diagnosis can help detect sounds auto-
matically and differentiate between murmurs of potential pathological conditions. In recent
years, supervised learning-based approaches have successfully classified cardiac sounds.
Many machine-learning-based heart sound analysis and classification techniques have
been proposed. An in-depth review of the literature in PCG analysis is beyond the scope of
this paper, but a thorough assessment of past and recent techniques can be found in [7–9].
As shown in Figure 1, the automatic analysis and classification of PCG signals can be
considered as composed of four main stages: (1) signal denoising and preprocessing,
(2) segmentation, (3) feature extraction and dimensionality reduction, and (4) classification
of the selected features. PCG signals are often corrupted by noise from breathing, body
sounds, microphone friction, and ambient sources. While noise removal is ideal, current
methods mainly preprocess raw data for analysis. PCG segmentation focuses on iden-
tifying key heart sounds (S1, S2) and the systolic/diastolic phases. Many classification
algorithms use segmentation to pinpoint where to extract relevant features, simplifying
further processing [10,11]. However, other PCG analysis algorithms skip the segmentation
altogether and proceed directly to the feature extraction stage [12,13].

Signal denoising &
pre-processing

PCG
acquisition Segmentation

(S1, S2)
Feature

classification

Normal

Abnormal

Feature extraction
& dimensionality 

reduction

Figure 1. Stages involved in the automatic classification of PCG signals.

Perhaps the most common technique for feature extraction is converting the PCG time
waveform to different domains using specialized transforms. Combining multiple feature
types is a common technique in PCG classification, often using transformations like the
Fourier transform [14–16], or constant-Q transform [17]. Time-frequency representations
(TFRs) such as the short-time Fourier transform (STFT) [18–21] have been used. Some
approaches use features obtained from quadratic time-frequency distributions such as
Wigner-Ville [22,23] or Choi-Williams [24,25]. One of the most widely used methods to
generate features is the wavelet transform, and wavelet packets [13,26–31]. Another preva-
lent method to generate features, particularly in speech recognition, are the mel-frequency
cepstral coefficients (MFCCs). The top three ranked algorithms in the Classification of Heart
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Sound Recordings: The PhysioNet/Computing in Cardiology Challenge 2016 competition [32]
use MFCCs as features [33–35], but also other more recent approaches [17]. Other related
versions exist, such as the mel-scale wavelet transform [36]. Sparse representations of PCG
signals have also been proposed as features since they allow the representation of com-
plex data in a low-dimensional space [37–39]. Empirical mode decomposition is a related
method to the sparse representations of signals, where a few intrinsic mode functions can
be used to represent the PCG [13,40]. Multi-domain low-level audio features such as energy
in different subbands, high-order statistics, entropy, and zero-crossing rate, among others,
have also been proposed [41–43].

The final step in heart sound classification involves feeding features into a classi-
fier. Early methods relied on traditional machine learning, but recent approaches fa-
vor deep learning. Both achieve high performance, but deep learning requires less hu-
man intervention, as it automatically extracts features from signal representations and
learns from errors. However, it demands more memory and computational power, of-
ten requiring GPUs. Among the traditional classifiers used in PCG analysis are support
vector machines (SVM) [6,30,42,44–46], hidden Markov models (HMM) [27,47,48], ran-
dom forest (RF) [30,38], k-nearest neighbor (KNN) [18,49] and artificial neural networks
(ANN) [15,33–35]. Among the deep-learning classifiers, the most commonly used are
convolutional neural networks (CNN) [21,46,50–52], but long-short memory neural net-
works (LSTM-NN) [53,54], variational autoencoder neural networks [55,56], and vision
transformers (ViT) [57] have also been proposed.

In this work, we propose a new offline method combining three time-frequency
representations to precisely describe the PCG as an image. Then we present how to
accurately classify these images using well-established high-performance deep-learning
architectures. Using three public heart sound recording datasets, the proposed methodology
achieves 99.9% accuracy in detecting abnormal sounds. The rest of the paper is organized as
follows. Section 2 presents the databases used in this study, the preprocessing steps, and the
details on generating PCG images using time-frequency representations. This section
also presents the image classification approach based on five deep-learning architectures.
The results are reported and discussed in Section 3. Finally, concluding remarks are
presented in Section 4.

2. Methodology
The structure of our PCG classification algorithm consists of three main stages: (1) pre-

processing, (2) time-frequency analysis, and (3) machine-learning classification. A detailed
description of each of these steps is presented in this section.

2.1. Heartsound Datasets

We propose using three publicly available heart sound databases for this work’s
development. The first database is used in “The PhysioNet/Computation in Cardiology
(CinC) Challenge 2016” [58]. This collection of sounds comes from seven independent
research groups. The database contains 3153 heart sound recordings collected from healthy
patients and patients with different cardiac pathologies, such as heart valve disease and
coronary artery disease, among others. The database composition is presented in Table 1,
the letters A, . . . , F refer to each of the research groups that contributed to the database;
details are provided in [58]. This dataset exhibits class imbalance, predominating normal
sounds over abnormal ones.
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Table 1. Conformation of the PCG recordings in the PhysioNet dataset [58].

Dataset Subjects Recordings Abnormal Sounds (%) Normal Sounds (%) Unfit for Classification (%)

A 121 409 67.5 28.4 4.2

B 106 490 14.9 60.2 24.9

C 31 31 64.5 22.6 12.9

D 38 55 47.3 47.3 5.5

E 356 2054 7.1 86.7 6.2

F 112 114 27.2 68.4 4.4

Total 764 3153 18.1 73.0 8.8

The second database we used is “The George B. Moody PhysioNet Challenge
2022” [59]. This dataset contains 5272 heart sound recordings collected from 1568 subjects.
The target population was individuals who were 21 years old or younger. A detailed
description of the database is presented in [60], but it mainly consists of heart sounds from
aortic, pulmonary, tricuspid, and mitral locations that were recorded from healthy and
pathological subjects with heart valve and coronary artery diseases. Each cardiac mur-
mur has been manually annotated by an expert annotator according to its timing, shape,
pitch, grading, and quality. Recordings were made in clinical and non-clinical settings
and are classified as normal, abnormal, or unsure. The sounds labeled as unsure were
not considered in this study. In addition, the dataset is unbalanced, with more recordings
corresponding to normal than abnormal sounds.

The third database we used is the one assembled by [61]. It contains one thousand heart
sound recordings, and it is composed of both abnormal and normal sounds. It contains
800 pathological sounds, which are uniformly divided into four categories corresponding
to the following diseases: aortic stenosis (AS), mitral stenosis (MS), mitral regurgitation
(MR), and mitral valve prolapse (MVP). The database composition is presented in Table 2.

Table 2. Conformation of the PCG dataset assembled by Yaseen et al. [61]. The abnormal or patholog-
ical sounds are divided into four classes corresponding to the following diseases: aortic stenosis (AS),
mitral stenosis (MS), mitral regurgitation (MR), and mitral valve prolapse (MVP).

Type Class Number of Recordings

Normal N 200

Abnormal

AS 200
MR 200
MS 200

MVP 200

Total 1000

2.2. Preprocessing

Initially, the sounds in these databases have been digitized using different sampling
rates and 16-bit resolution. For the present work, the signals were resampled, and the
sampling frequency was set to Fs = 2000 Hz with 16-bit resolution. Then the signals were
filtered using a Butterworth band-pass filter with cutoff frequencies of 25 Hz and 900 Hz.

This work did not consider sounds from the PhysioNet database marked as unfit for
classification since these recordings correspond to highly noisy signals.
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2.3. Time-Frequency Analysis

One of the most exploited properties in digital signal analysis is the time-frequency
duality inherent to signals since the representation of a signal in one of these domains
will provide different and complementary information about the same signal in the other
domain. However, the information in the original signal domain is lost once the trans-
formation occurs. Time-frequency analysis makes it possible to conserve the information
in both domains and to characterize signals whose statistics vary simultaneously in time
and frequency. In the present work, we use three time-frequency representations: (1) the
short-time Fourier transform, (2) the mel spectrogram, and (3) the wavelet synchrosqueezed
transform. As mentioned earlier, the use of time-frequency analysis has been previously
proposed in the context of PCG signal classification; however, we are unaware of prior
work adopting a similar approach of combining in a single image different representations.

2.3.1. Short-Time Fourier Transform

The short-time Fourier transform (STFT) is probably the most commonly used
time-frequency representation. The main reasons behind the STFT popularity are its
simplicity, computational speed, and highly satisfactory performance. The calculation
principle of the STFT is the translation and modulation of a window function [62]. A real
and symmetric window w(t) is translated in time by τ and modulated by the frequency
ω: wω,τ(t) = w(t− τ)eωt, where‖wω,τ‖ = 1 for any τ, ω ∈ R. The resulting windowed
Fourier transform for a PCG signal x(t) is then

X(ω, τ) =
∫ +∞

−∞
x(t)w(t− τ)eωtdt, (1)

the STFT localizes the energy of the Fourier integral in the neighborhood of t = τ [62].
In practice, the PCG recordings we want to analyze are discrete-time, and the data to
be transformed are divided into blocks or frames and processed using the discrete STFT.
For each block, the discrete Fourier transform (DFT) is calculated, and the result is a
complex vector that is added as a column to a matrix, which records the magnitude and
phase of each point in time and frequency. The discrete STFT is computed as follows [63]:

X(k, m) =
∞

∑
n=−∞

x(n)w(n−mR)e−2πnk/N , (2)

where w(n) is a window function of length Lw samples; n is the discrete time index; m is
a new time (frame) index; R is the hop size between two consecutive time frames m and
m + 1, with m = 0, 1, 2, . . . , M− 1, where M is the total number of STFT frames. In practice,
the fast Fourier transform (FFT) is used to compute the DFT. The set of frequency bins
is defined as fk = k fs/N, for k = 0, 1, 2, . . . , N/2− 1 where N is the DFT length. Finally,
fs = 1/T is the sampling frequency of the PCG, and f ν

s = 1/(TR) is the sampling frequency
of the new time vector m. The STFT X(m, k) is a complex-valued 2D function. In the present
work, we are only interested in the energy density as a function of time and frequency;
for this reason, the STFT image that we use is obtained by S(k, m) = |X(k, m)|2, which is
usually known as the spectrogram.

The STFT implementation parameters used in our proposal are as follows: PCG blocks
of LB = 2800 samples were processed using a Hamming-type w(n) analysis window of
length Lw = 100 samples, an overlap of R = 88 samples and the FFT length of N = 512 sam-
ples. Using these parameters, the spectrogram S(τ, ω) has a size of 257 × 224. Since the
CNN architectures we have decided to use in this work require an input image of different
dimensions than those of S(τ, ω), the spectrogram was cropped to fit the size 224 × 224.
In this case, rows 225 to 257 were removed, i.e., the subsequent PCG analysis only considers
frequencies of up to ≈871 Hz. We consider it safe to discard that frequency range since it
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hardly contains any PCG energy. Figure 2a,b illustrate the cropped spectrograms and the
type of images that we use; these correspond to the PCG waveforms presented in Figure 3.
The advantage of converting a PCG signal block of 1.4 s (2800 samples) to an image is that
cardiac signal segmentation is not required. In practice, we can be sure that the block under
analysis contains at least one entire cardiac cycle. The overlap between contiguous PCG
blocks is 1400 samples.
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Figure 2. The spectrogram, i.e., S(m, k), of the two PCG signals presented in Figure 3: (a) corresponds
to a healthy person, while (b) corresponds to an abnormal heart sound.
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Figure 3. Two examples of heart sounds: (a) shows a PCG signal corresponding to a healthy person,
while (b) presents an abnormal PCG signal where a pathology is visible between sounds S1 and S2.

2.3.2. Mel Spectrogram

It has been known for decades that humans do not perceive frequencies on a linear
scale; detecting changes in lower frequencies is easier than distinguishing them in higher
frequencies. The mel scale is an attempt to measure pitch’s psychological sensation such
that equal distances in pitch sounded equally distant to a listener [64]. The reference
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point between the mel scale and the linear frequency scale in Hertz is defined arbitrarily by
equating a 1000 Hz tone, 40 dB above the listener’s hearing threshold, with a 1000 mels tone.
The mel and the linear frequency scale are related by φ( fmel) = 2595 · log10

(
1 + fHertz

700

)
.

According to the mel scale, the mel spectrogram can be considered a rescaled spectrogram in
its vertical axis. In practice, the rescaling operation uses a set of band-pass filters, specifically
a half-overlapped triangular set of filters equally spaced on the mel scale. Figure 4 shows
the filter bank used in this work; we decided to use Lmel = 24 bands, as proposed in [65] for
PCG signals sampled at 2 kHz. The mel spectrogram values are obtained by multiplying the
frequency domain values (i.e., the FFT bins) of the columns of S(k, m) by the corresponding
matrix composed of triangular filters and then adding the result. This process is repeated
for the M STFT frames. More specifically, let φ(k, `) be the array that contains the mel-scale
filterbank, where ` = 0, . . . , Lmel − 1 and k = 0, 1, . . . , N/2− 1. The mel spectrogram is
obtained by computing the expression

Smel(`, m) =

N
2 −1

∑
k=0

S(k, m)φ(k, `), (3)

where ` is the mel-frequency band index and m is the time-frame index. Figure 5 shows the
mel spectrogram corresponding to the PCG waveforms presented in Figure 3. Both mel
spectrograms closely resemble the linear spectrograms of Figure 2, but with less detail.
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Figure 4. In In the present work, we use a set of 24 half-overlapped triangular filters equally spaced
on the mel scale. The line colors have been added to more easily differentiate each filter band.
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Figure 5. The mel spectrogram, i.e., Smel(`, m), of the two PCG signals presented in Figure 3:
(a) corresponds to a healthy person, while (b) corresponds to an abnormal heart sound.

2.3.3. Synchrosqueezed Wavelet Transform

The wavelet synchrosqueezed transform (WSST) [66] is a relatively recent and highly
effective time-frequency analysis technique for examining non-stationary signals with many
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oscillating modes. As with most sound signals, the PCG can be accurately expressed as
the sum of amplitude and frequency-modulated components [67]. Similarly to other linear
time-frequency methods, the basic wavelet transform (WT) breaks down the signal under
analysis into its components by correlating it with a dictionary of time-frequency atoms [62].
The wavelet transform is based on the principle of translating and contracting/dilating
copies (i.e., atoms) of a basic fast-decaying oscillating waveform ψ(t), known as the mother
wavelet. The wavelet is a normalized function

∥∥ψ(t)
∥∥ = 1, centered around t = 0 and with

zero average, that is,
∫ +∞
−∞ ψ(t) dt = 0. The definition of the continuous wavelet transform

(CWT) of the signal x(t) is as follows:

Wx(u, s) = 〈x, ψu,s〉 =
1√

s

∫ +∞

−∞
x(t)ψ∗

(
t− u

s

)
dt, (4)

where the family of time-frequency atoms is obtained by translating ψ(t) by u and scaling
it by s such that the atom 1√

s ψ∗
(

t−u
s

)
remains normalized, where s, u ∈ R and * is the

complex conjugate. A drawback of the WT, but also many other TFRs, is the time-frequency
energy spreading associated with the atoms, which negatively impacts the sharpness of the
signal under analysis [62,66]. A consequence of this spread is that it permits a non-zero
amplitude to be obtained even though the original signal does not have a component at the
given time-frequency pair. To overcome this limitation, the concept of synchrosqueezing
transformation (SST) has been proposed [66,68]; this technique enhances the representa-
tions by reassigning the local signal energy in the frequency domain. The reassignment
compensates for the spreading effects caused by the mother wavelet. In contrast to other
time-frequency reassignment techniques, synchrosqueezing reassigns energy exclusively
in the frequency direction, maintaining the signal’s temporal resolution. By preserving
the time, the inverse WSST allows the reconstruction of the original signal. The steps to
obtain the WSST [66] start with the calculation of the CWT as indicated by Equation (4).
The CWT must use an analytic wavelet to capture instantaneous frequency information.
In this work, we use the analytic Morlet wavelet, also known as the Gabor wavelet, which
consists of a Gaussian window modulated by a complex exponential. The non-analytical

wavelet ψNA(t) = g(t)eηt with g(t) = 1
(σ2π)1/4 e

−t2

2σ2 , where η, σ2 are the modulated Gaus-
sian window’s center frequency and variance, respectively [62,69]. The analytical wavelet
is obtained by computing the Hilbert transform of ψ(t) = H{ψNA(t)}. The analytic Morlet
wavelet is defined in the Fourier domain by

Ψ(ω) = (4πσ2)1/4e−
σ2
2 (ω−η)2

U(w), (5)

where U(ω) = 1 if ω > 0 and U(ω) = 0; otherwise, that is, the frequency domain unit step
function. To compute the CWT, the next step is to extract the instantaneous frequencies
from Wx(u, s) using the following phase transform, ωx, that is proportional to the first
derivative of the CWT with respect to the translation u

ωx(u, s) =
1

2πWx(u, s)
∂Wx(u, s)

∂u
. (6)

The smeared energy is then relocated to the instantaneous frequencies to synchrosqueeze the
time-frequency representation. This compression is conducted by relocating the energy at
the points (u, s)→ (u, ωx(u, s)). We obtain the SST representation Ts(u, ωl) by computing

Tx(u, ωl) =
1

∆ω ∑
sk

Wx(u, sk)s−3/2∆sk, (7)

when mapping the time-scale plane (u, s) to the time-frequency plane (u, ωx(u, s)) the
transformation Tx(u, ωl) is calculated only at discrete central frequencies ωl separated by a
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frequency step ∆ω. Since u, s are discrete variables in practice, a scaling step ∆sk = sk− sk−1

is introduced, separating the scales for which the Wx(u, s) is calculated. A thorough
explanation of the calculation of the WSST is provided in [66,68]. Although it has been
reported that the energy of cardiac sounds is below 700 Hz [6], their spectral content above
500 Hz is practically negligible. According to [4], sounds recorded from the chest wall in the
500–1000 Hz range have significantly reduced amplitude. This low amplitude, rather than
the human hearing threshold, is the primary reason for their limited or absent audibility. For
this reason and to reduce the computational complexity of the WSST, the PCG input signal
was resampled to a frequency of 1000 Hz. In addition, the transformation was computed for
a block of 1400 samples at 224 different scales ranging from ≈6 Hz up to 500 Hz. Figure 6
shows the WSST corresponding to the PCG waveforms presented in Figure 3. The figure
shows how using the SST leads to an improved resolution and sharpness as compared to
the STFT and mel spectrogram.
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Figure 6. The WSST, i.e., Tx(u, ωl), of the two PCG signals presented in Figure 3, (a) corresponds to a
healthy person, while (b) corresponds to an abnormal heart sound.

2.3.4. Combination of Time-Frequency Representations

Choosing the most appropriate features for PCG classification has been a challenging
problem for many years. The performance results obtained in other sound classification
applications often influence the selection of features in PCG analysis. It has also been
documented that, in general, the combination of several feature extraction methods exhibits
better performance than a single type of feature [7]. Based on this premise, we have
combined the previously introduced time-frequency representations in the following ways.
First, we have combined the STFT, the mel spectrogram, and the WSST in a single image.
These representations have been cropped to fit into a 224 × 224 matrix, from bottom
to top, in the following way. For the WSST, the frequency range from ≈25 Hz up to
≈363 Hz (116× 224) was kept; for the STFT, the frequency range from 0 Hz up to ≈325 Hz
(84× 224) was kept; and for the mel spectrogram, the whole representation, 0 Hz up to
1000 Hz, (24× 224) was considered. The resulting time-frequency representation is shown
in Figure 7a,b, corresponding to the PCG waveforms in Figure 3. In the second case, we
combined the WSST in the frequency range from≈25 Hz up to≈363 Hz (116× 224), and the
STFT in the range from 0 Hz up to ≈422 Hz (108× 224). The resulting time-frequency
representation is shown in Figure 8. In the third case, we combined the WSST in the
frequency range from ≈1 Hz up to 500 Hz (200× 224), and for the mel spectrogram in
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the range 0 Hz up to 1000 Hz (24× 224), as shown in Figure 9. In the fourth case, we
combined the STFT in the frequency range from 0 Hz up to ≈777 Hz (200× 224), and the
mel spectrogram in the range 0 Hz up to 1000 Hz (24× 224), as shown in Figure 10.
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Figure 7. Combination of the cropped time-frequency representations WSST + STFT + MEL of the
two PCG signals presented in Figure 3: (a) corresponds to a healthy person, while (b) corresponds to
an abnormal heart sound. The horizontal and vertical axes have been adjusted to the size 224× 224.
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Figure 8. Combination of the cropped time-frequency representations WSST + STFT of the two PCG
signals presented in Figure 3: (a) corresponds to a healthy person, while (b) corresponds to an
abnormal heart sound. The horizontal and vertical axes have been adjusted to the size 224× 224.
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Figure 9. Combination of the cropped time-frequency representations WSST + MEL of the two PCG
signals presented in Figure 3: (a) corresponds to a healthy person, while (b) corresponds to an
abnormal heart sound. The horizontal and vertical axes have been adjusted to the size 224× 224.
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Figure 10. Combination of the cropped time-frequency representations STFT + MEL of the two PCG
signals presented in Figure 3: (a) corresponds to a healthy person, while (b) corresponds to an
abnormal heart sound. The horizontal and vertical axes have been adjusted to the size 224× 224.

Since the classification algorithms use an input image of size 224 × 224, the
time-frequency representation that only includes the mel spectrogram was not considered
since its size is 24× 224. In total, the following six variants of time-frequency representa-
tions are considered in the rest of this work: (1) STFT, (2) WSST, (3) WSST + STFT + mel,
(4) WSST + STFT, (5) WSST + mel, (6) STFT + mel.
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2.4. Machine-Learning Classifiers

Section 1 explained that the final step in PCG analysis involves feeding extracted fea-
tures into a classifier to determine whether the signal is normal or abnormal. Two main types
of classifiers are commonly used: (1) traditional machine-learning (e.g., KNN, SVM, RF)
and (2) deep-learning algorithms (e.g., CNNs, ViT). Recently, hybrid methods combining
both approaches have been proposed [46]. This work employs deep-learning algorithms
based on CNNs.

Deep-learning methods use multi-level representations by transforming data through
simple, non-linear modules, progressing from low-level to higher, more abstract features.
These high-level representations emphasize relevant input aspects for classification tasks
while suppressing irrelevant ones [70].

Convolutional layers are the core of CNNs. A convolution applies a filter to the input,
producing a feature map that highlights the location and magnitude of detected features.
CNNs innovate by learning multiple parallel filters tailored to the problem, enabling the
detection of specific dataset features. Convolution involves a linear operation where a filter
(or kernel), smaller than the input, is systematically applied across the input data. This
operation computes a dot product between the filter and corresponding input sections,
moving from left to right and top to bottom [71]. This process, known as translation
invariance, focuses on the presence of features rather than their position. The resulting
filtered values form a two-dimensional feature map [71,72].

This work evaluates five CNN architectures for classifying PCG signals, each with
unique attributes. First, we use two classical networks: AlexNet [73] and VGG-16 [74].
These networks may suffer from the exploding and vanishing gradient problem, leading to
increased error rates and potential overfitting. To address this, we include ResNet50 [75],
which uses skip connections to bypass layers, enabling deeper architectures and learning
more complex features.

We also evaluate the CNN proposed by Ullah et al. [76], designed for spectrogram
images of ECG signals. This network has fewer parameters and achieves high performance
with low computational cost. Lastly, we propose a custom CNN designed for PCG time-
frequency representations, as shown in Figure 11. Creating a custom CNN for PCG signal
classification using time-frequency representations proved challenging given our current
deep-learning expertise. We aimed to replicate effective architectures while reducing com-
putational demands. Despite achieving high performance (see Section 3), we acknowledge
that we require greater expertise to create a more resource-efficient solution.

The rationale for using different architectures is to provide a more complete evaluation
of the classification capabilities to identify abnormal PCG signals. These networks represent
different CNN generations, each suited to specific image classification tasks.

The first three CNN architectures were designed to classify hundreds of different
types of images and use a three-channel input matrix to account for the colors (typically
red, green, and blue). Images created from the time-frequency representations of heart
sounds have only one channel. For this reason, it was necessary to slightly modify the
networks in the input and output layers. Specifically, the input layer was adapted to
receive images of size 224 × 224 × 1, and in the output layer, it was modified only to have
two possible results: a prediction of whether the input image corresponds to an abnormal or
normal sound.
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Figure 11. Proposed CNN architecture to classify time-frequency images generated from PCG signals.
The architecture includes the processing dimensions through each layer.

Image Data Generation and Network Implementation

After following the methodology described in Section 2.3 and using the three datasets
described in Section 2.1, 17,200 images are generated using each of the six time-frequency
variants. That is, in total, 103,200 images were created and processed by the five CNN
architectures. The images were balanced in a 1:1 ratio between TFRs generated from
normal and abnormal sounds. Specifically, for each type of TFR, 8600 images are labeled
as “pathological”, and 8600 images are labeled as “healthy”. Balanced classes in machine
learning prevent biased models from favoring the majority class [77]. To address the class
imbalance, we randomly undersampled the normal PCG sounds to match the number
of abnormal sounds, ensuring a balanced dataset for analysis. The publicly available
datasets used in this study comprise independent recordings from various laboratories
globally, each employing distinct recording equipment and protocols. While this inherent
heterogeneity could lead to some recordings from the same individual being present
in different cross-validation folds, it also mitigates the risk of overfitting to a particular
recording setup or patient demographic. To further reduce potential bias, we implemented
balanced undersampling, maintaining a proportional representation of samples from each
source laboratory across all folds. MATLAB R2022b was used to program the signal-
processing part of the algorithm. Python v3.11.4 was used to program the classification
part of the algorithm. The CNNs were implemented using the TensorFlow and Keras
AI libraries. The networks were trained using the paid version of Google Collaboratory.
The hyperparameters used to train the networks are the following:

• optimizer: stochastic gradient descent (SGD),
• learning rate: 0.0008
• loss function: categorical cross-entropy,
• batch size: 64 samples
• training: 150 epochs or less (depending on the test’s error rate, an early stop was

implemented).

Section 3 presents the result of the 10-fold cross-validation. In each fold, of the
10,200 images, 90% (9180 images) were randomly selected for training and the remaining
10% (1020 images) for validation.
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3. Results
3.1. Performance Metrics

The confusion matrix is a fundamental performance measurement in machine learning.
This matrix allows the comparison of the algorithm-predicted and actual values for two or
more classes. In our case, the two output classes indicate whether the PCG signal is “normal”
or “abnormal”. This situation has four probable outcomes:

1. True positive (TP) indicates the number of diseased PCGs the classifier correctly
predicts as diseased.

2. False positive (FP) represents the number of diseased PCGs that the classifier wrongly
predicts as being healthy.

3. True negative (TN), shows how many times the real and predicted values are both
considered to be healthy (i.e., normal).

4. False positive (FP) shows how many times the classifier incorrectly predicted the PCG
as diseased when it is not.

We used five metrics to assess the performance of the proposed methodology: accuracy,
sensitivity, specificity, precision, and F1-score [78]. Accuracy refers to how close the result
of a measurement is to the true value. It is represented as the ratio of the number of correct
predictions to the total number in the dataset.

Accuracy =
TP + TN

TP + FN + TN + FP
. (8)

Sensitivity, also called true positive rate, refers to the ability of the algorithm to classify
positive cases; it is calculated using Equation (9). The best sensitivity value is 1; the worst
is 0.

Sensitivity =
TP

TP + FN
. (9)

Specificity, also called true negative rate, refers to the ability of the algorithm to classify
negative cases; it is calculated using Equation (10). The best specificity value is 1; the worst
is 0.

Specificity =
TN

TN + FP
. (10)

Precision refers to the dispersion of the set of values obtained from repeated measurements
of a magnitude. It is represented as the ratio between the number of true predictions and
the total number of true predictions; it is calculated using Equation (11). The best precision
value is 1; the worst is 0.

Precision =
TP

TP + FP
. (11)

F1-score is a metric that summarizes the forecast and sensitivity in a result; it is calculated
using Equation (12).

F1-score = 2
PRC ∗ SNS
PRC + SNS

. (12)

3.2. Experimental Results

The experimental results obtained after combining the six time-frequency representa-
tions and the five deep-learning architectures are presented below. In the following tables,
the naming convention for the six time–frequency representations are the following: (1) S
stands for STFT, (2) M stands for STFT + mel, (3) W stands for WSST, (4) WSM stands for
WSST + STFT + mel, (5) WS stands for WSST + STFT, and (6) WM stands for WSST + mel.

Table 3 presents the performance results for the AlexNet architecture. It can be seen
that among the single time-frequency representations, with an accuracy of 85.89%, the STFT
exhibits a slightly better performance than the STFT + mel and a notably better performance
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than the WSST. This last result was unexpected since the WSST provides an enhanced and
more precise representation of the PCG signal’s time-varying frequency and amplitude
components. Another surprising result was obtained when two or more time-frequency
representations were combined since the performance significantly improved, particularly
for the WSST + STFT + mel and WSST + STFT combinations that exhibit an accuracy of
99.96% and 99.95%, respectively.

Table 3. PCG classification performance comparison between time-frequency representations using
the AlexNet CNN architecture. The table presents the mean of a 10-fold cross-validation.

AlexNet S M W WSM WS WM

Accuracy 85.89 85.07 80.59 99.96 99.95 98.87

Precision 84.15 82.88 79.11 99.99 99.99 98.44

Sensitivity 80.68 79.31 75.39 99.99 99.81 99.12

Specificity 84.81 83.62 80.09 99.99 99.99 98.43

F1-score 82.38 81.06 77.21 99.95 99.99 98.77

Table 4 presents the performance results for the VGG-16 architecture. This network
presents a similar behavior as AlexNet; however, the performance for the single time-
frequency representations is considerably lower, with an accuracy of ≈75%. The perfor-
mance boost for the WSST + STFT + mel, and WSST+STFT combinations is remarkable,
almost reaching 99%, but the performance is slightly lower than the performance obtained
by AlexNet. The WSST + mel also showed a substantial improvement, but not nearly as
prominent as the other two combinations.

Table 4. PCG classification performance comparison between time-frequency representations using
the VGG-16 CNN architecture. The table presents the mean of a 10-fold cross-validation.

VGG16 S M W WSM WS WM

Accuracy 75.53 75.22 74.72 98.92 98.74 84.96

Precision 75.45 76.15 75.71 99.62 99.31 85.78

Sensitivity 72.94 74.21 73.62 99.41 99.21 85.19

Specificity 76.27 76.76 76.37 99.61 99.31 85.88

F1-score 74.17 75.17 74.65 99.51 99.26 85.48

Table 5 presents the performance results for Ullah et al., [76] architecture. This CNN
presents a comparable behavior to both previously presented architectures; however, the per-
formance for the single time-frequency representations is poor. The performance boost for
the WSST + STFT + mel and WSST + STFT combinations is again remarkable, surpassing
VGG-16, but performance is slightly lower than AlexNet. The WSST + mel also showed
poor performance.

Table 6 presents the performance results for our architecture proposal; see Figure 11.
This CNN presents a comparable behavior to the previous architectures, particularly
AlexNet. The performance for the single time-frequency representations is lower than
AlexNet but higher than the other analyzed networks. Again, the performance boost for the
combination of representations is remarkable, but this time the WSST + mel combination
also exhibits high performance.
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Table 5. PCG classification performance comparison between time-frequency representations using
the Ullah et al., [76] CNN architecture. The table presents the mean of a 10-fold cross-validation.

Ullah [76] S M W WSM WS WM

Accuracy 72.01 66.51 67.71 99.82 99.85 70.31

Precision 70.73 86.25 73.68 99.81 99.99 83.59

Sensitivity 73.92 38.13 64.52 99.61 99.51 42.45

Specificity 69.41 93.92 76.96 99.82 99.99 91.66

F1-score 72.29 52.88 68.79 99.71 99.72 56.31

Table 6. PCG classification performance comparison between time-frequency representations using
the CNN architecture proposed in Figure 11. The table presents the mean of a 10-fold cross-validation.

Proposed
Network S M W WSM WS WM

Accuracy 81.65 79.88 74.04 99.99 99.99 99.04

Precision 84.36 81.11 76.76 99.99 99.98 99.03

Sensitivity 77.65 77.87 68.90 99.98 99.99 99.05

Specificity 85.65 81.88 79.15 99.99 99.98 99.03

F1-score 80.87 79.46 72.61 99.99 99.99 99.04

Table 7 presents the performance results for the ResNet-50 architecture. This CNN
presents a similar behavior to all previously described architectures. The performance for
the single time-frequency representations is lower than AlexNet but higher than the other
analyzed networks. Again, the performance boost for the combination of representations is
remarkable. The WSST + mel combination exhibits high performance but is slightly lower
than our CNN architecture proposal.

Table 7. PCG classification performance comparison between time-frequency representations using
the ResNet50 CNN architecture. The table presents the mean of a 10-fold cross-validation.

ResNet50 S M W WSM WS WM

Accuracy 80.25 80.72 76.46 99.97 99.98 98.93

Precision 80.98 82.75 77.56 99.99 99.99 98.86

Sensitivity 79.06 77.81 74.44 99.94 99.96 99.00

Specificity 81.42 83.65 78.46 99.99 99.99 98.86

F1-score 80.01 80.21 75.97 99.97 99.98 98.93

3.3. Network Complexity

Deep-learning techniques, such as CNNs, have considerably increased the computa-
tional complexity of traditional neural networks by requiring more layers and parameters.
The complexity of the neural network is determined by the number of nodes in each layer,
the number of layers, and the weights given to each node; this set is usually known as
the number of parameters. Network complexity is a critical matter for mobile devices
that do not have the computational and storage power of workstations or cloud-based
systems. Table 8 shows the network complexity for the CNNs used in the present work.
The architecture proposed by Ullah et al. [76] is the simplest, and VGG-16 is the most
complex. Our architecture proposal is slightly less complex than AlexNet, but both of these
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are considerably more complex than ResNet50. This last CNN exhibits high performance
at reasonable complexity.

Table 8. Comparison chart of the total number of parameters for the CNN architectures. The letter
“M” stands for millions.

Architecture Total Parameters Trainable
Parameters

Non-Trainable
Parameters

AlexNet 46.7 M 46.7 M 2752

VGG-16 134.3 M 134.3 M 0

Our model 43.6 M 43.6 M 896

ResNet50 23.6 M 23.5 M 53,120

Ullah 3.8 M 3.8 M 0

3.4. Discussion

In this work, we have proposed a PCG classification algorithm based on the idea of
using time-frequency analysis methods to convert the sound signal into an image, which is
then classified using deep-learning techniques. The proposed methodology exhibits mixed
results. The classification results are moderate when the images are generated using only
a single type of time-frequency representation, STFT, mel spectrogram, or WSST, regard-
less of the deep-learning architecture employed. However, the classification performance
is outstanding regardless of the selected CNN architecture when the images are gener-
ated by the combination of time-frequency representations, particularly the compound
STFT + mel + WSST. These results highlight the robustness of TFR descriptors, as clas-
sification performance remains consistent across different CNN architectures, ensuring
reliability and generalizability.

Contrary to our initial hypothesis, WSST did not surpass STFT/mel-based features
in classification performance. During comparative analysis, we noticed that different rep-
resentations had distinct misclassifications. This observation led us to explore combining
features, leveraging complementary time-frequency information, to improve overall accu-
racy, resulting in the creation and evaluation of a combined feature set. We think there are
two main reasons behind the boost in accuracy: first, using more than one representation
of the same PCG signal in a single image adds redundancy that the neural network clev-
erly exploits. Second, the WSST is an excellent tool for analyzing nonstationary signals
and splitting them into instantaneous narrow-band frequency components. This spectral
sharpness is precisely the opposite of what the STFT does; the latter is good at analyzing
broadband components. PCG signals are composed of both narrow-band and broadband
components, and the strength of each transformation is precisely analyzing one of these
types of functions. This combination complements the WSST with the STFT (and, to a lesser
extent, the mel spectrogram) and vice-versa. This companion behavior is consistent among
all the evaluated CNN architectures. Future work should consider other TFRs. We consider
that as long as any other tailored TFR includes enough complementary redundancy as
these three offer, a very good performance should be achieved regardless of the selected
CNN architecture. Another phenomenon we found is that removing the high-frequency
components during the representations merge does not seem to have adverse effects. Af-
ter inspecting the heart sounds incorrectly classified by the algorithm, we noticed that they
mostly correspond to noisy PCG recordings.
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4. Conclusions
Cardiovascular diseases are the primary cause of worldwide morbidity and mortal-

ity [2]. If correctly performed, cardiac auscultation is a low-cost, widely available tool
for detecting and managing heart diseases [3]. With the help of recent advances in artifi-
cial intelligence and signal processing, automated heart sound analysis has the potential
to become a cost-effective diagnostic tool. In this work, we have presented a new PCG
classification algorithm that determines whether the analyzed heart sound is normal or
abnormal. The proposed methodology does not require a PCG signal segmentation stage.
Our proposal is based on using time-frequency methods to convert the sound signal into
an image, which is then classified using deep-learning techniques. The proposed method-
ology has been validated using several thousand PCG signals obtained from publicly
available databases, specifically the PhysioNet CinC database [79], the database assembled
by Yaseen et al. [61], and the CirCor DigiScope Phonocardiogram Dataset [59,60]. We have
analyzed three time-frequency representations, the STFT (S), the mel spectrogram (M), and
the WSST (W), but we have also analyzed their combinations: S+M+W, S+W, and M+W.
The generated images were used to train five CNN architectures specifically designed for
image classification tasks: AlexNet [73], VGG-16 [74], ResNet50 [75], a custom network to
classify STFT images [76], and we also proposed our own network model. We found that
the classification performance is moderate when the images are generated using only a
single type of time-frequency representation. However, the classification performance is
outstanding, ≈99.9%, when the images are formed by the combination of representations,
particularly the compound S+M+W. The consistent performance across CNN architectures
strongly suggests that TFR combinations are robust descriptors, leading to a reliable and
generalizable classification solution. We believe that combining representations is a simple
way of boosting classification performance for the following reasons: fusing more than
one representation of the same PCG signal in a single image creates redundancy that the
CNN cleverly exploits, particularly when the spectral characteristics of the time-frequency
representations selected strongly complement each other.

To address the class imbalance in the publicly available datasets (a significantly larger
number of normal recordings compared to pathological ones), we used a balanced un-
dersampling approach. All pathological samples were included, along with a randomly
selected subset of normal samples, creating a balanced training and validation set. This
prioritized the accurate detection of pathological sounds at the cost of a reduced overall
sample size. A key direction for future work is the implementation of cost-sensitive learn-
ing. This will allow us to assign a higher penalty to false negatives (missed pathological
cases), further enhancing the model’s clinical utility. A limitation of this study is the ab-
sence of a strict recording-level split during data partitioning. This means that overlapping
segments from the same heart sound recording could be present in both the training and
validation sets, potentially leading to an overestimation of the model’s performance and
limiting the generalizability, which is an open challenge in PCG classification. However,
the results clearly demonstrate the effectiveness of combining multiple TFRs. The superior
performance of the combined-TFR approach compared to individual TFRs is consistently
observed, suggesting that this strategy is a valuable contribution. In order to advance
toward a truly automated auscultation system, it is necessary to expand the available PCG
training data to include significantly more abnormal sounds. These new sounds must
include various cardiac pathologies with their respective labels and annotations. Then,
methodologies like the one described in this work can be trained using all the additional
data available and be ready for field tests in real clinical environments.
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