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The automated classification of heart sounds plays a significant role in the diagnosis of cardiovascular diseases (CVDs).
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| 1. Introduction

With increasing industrialization, urbanization, and globalization, cardiovascular diseases (CVDs) are posing a serious
threat to human health, causing the death of increasing numbers of people globally. Approximately 17.9 million people
died from CVDs in 2016, accounting for 31% of all global deaths. Of these deaths, 85% resulted from heart attack and
stroke . CVDs exert a heavy burden on the finances of sufferers in low- and middle-income countries, and early
detection and diagnosis are very significant to reducing the mortality rate. Cardiac auscultation is a simple, essential, and
efficient method for examining CVDs and has a history of more than 180 years [&. It is crucial to the early diagnosis of
CVDs because of its noninvasiveness and good performance for reflecting the mechanical motion of the heart and
cardiovascular system. However, cardiac auscultation requires substantial clinical experience and skill, and the human ear
is not sensitive to sounds within all frequency ranges. The use of computers for the automatic analysis and classification
of heart sound signals promises to afford substantial improvements in this area of human health management.

A heart sound is a kind of physiological signal, and its measurement is known as phonocardiography (PCG). It is
produced by the heart systole and diastole and can reflect physiological information regarding body components such as
the atria, ventricles, and large vessels, as well as their functional states (. In general, fundamental heart sounds (FHSs)
can be classified as the first heart sounds and the second heart sounds, referred to as S1 and S2, respectively. S1 usually
occurs at the beginning of isovolumetric ventricular contraction, when the already closed mitral and tricuspid valves
suddenly reach their elastic limit due to the rapid pressure increase within the ventricles. S2 occurs at the beginning of the
diastole when the aortic and pulmonic valves close.

It is important to segment the FHSs accurately and locate the state sequence of S1, the systole, S2, and the
diastole. Figure 1 illustrates a PCG process with simultaneous electrocardiogram (ECG) recording and the four states of
the PCG recording: S1, the systole, S2, and the diastole. The correspondence between the QRS waveform of the ECG
and the heart sound signal is used to locate the S1 and S2 locations. FHSs provide important initial clues for heart
disease evaluation in the process of further diagnostic examination. It is very important to extract the features from all
parts of the FHS for quantitative analysis in the diagnosis of cardiac diseases. Within this framework, automatic heart
sounds classification has attracted increased attention over the past few decades.
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Figure 1. PCG with simultaneous ECG recording and the four states of the PCG recording: S1, the systole, S2, and the
diastole I,

Achieving high accuracy in automatic heart sounds classification algorithms has long been a pursuit of researchers.
Popular heart sound signals classification methods can be divided into two major categories: traditional machine learning-
based methods and deep learning-based methods. With the recent development of medical big data and artificial
intelligence technology, there has been increased focus on the development of deep learning methods for heart sounds
classification 2. However, despite the significant achievements in the field, there are still challenges that require the
development of more robust methods with higher performance for early CVD diagnosis.

The purpose of the present study was to perform an in-depth and systematic review and analysis of the latest deep
learning-based heart sounds classification methods and provide a reference for future research in the field. To this end,
we used keywords such as heart sounds, PCG, deep learning, classification, neural network, and phonocardiogram to
download relevant publications related to heart sounds classification from the databases of ScienceDirect, SpringerLink,
IEEEXplore, and Web of Science. Thirty-three of the studies obtained in this manner were shortlisted and considered for
review. To the best of our knowledge, these studies included all the essential contributions to the application of deep
learning to heart sounds classification. These studies are summarized in Table 1, and some of them are discussed in

more detail in this paper. Their distribution, including the numbers of articles and conference papers, is also shown
in Figure 2. It was observed that most of the deep learning-based methods for heart sounds classification were published

within the last three years, and that the number of published papers had drastically increased in the last five years,
reflecting the increasing popularity of deep learning in the field. To the best of our knowledge, this is the first review report
that consolidates the findings on deep learning technologies for heart sounds classification.
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Figure 2. Previous studies on deep learning-based methods for heart sounds classification.

| 2. Process of Heart Sounds Classification

As illustrated in Figure 3, the automatic heart sounds classification process generally consists of four steps: denoising,
segmentation, feature extraction, and classification.
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Figure 3. Four steps of automatic heart sounds classification.
2.1. Denoising

The heart sounds acquisition process is easily affected by environmental interferences such as interference due to friction
between the equipment and human skin, electromagnetic interference, and random noises such as breath sounds, lung
sounds, and environment sounds €. The heart sound signals are usually coupled with these interference signals, and this
necessitates the elimination of the out-of-band noise. The denoising significantly influences the segmentation, feature
extraction, and final classification performances. The commonly used denoising methods are wavelet denoising, empirical
mode decomposition denoising, and digital filter denoising [. Based on prior knowledge of heart sound signals, the



construction of a wavelet basis function for heart sound signals is a new research direction in the area of heart sounds
feature extraction [,

2.2. Segmentation

The aim of the segmentation is the division of the PCG signals into four parts or segments: the first heart sounds (S1),
systole, second heart sounds (S2), and diastole. Each segment contains efficient features that contribute to distinguishing
the different categories of heart sounds. However, the duration of the heart beat cycle, the number of heart sounds, and
the types of heart murmurs vary between individuals, and this causes the inaccurate segmentation of PCG signals. The
segmentation of the FHSs is thus an essential step in automatic PCG analysis. The most commonly used heart sounds
segmentation methods in recent years include envelope-based methods B2 ECG or carotid signal methods 11,
probabilistic model methods L2ML3I4ILS] feature-based methods 28, and time—frequency analysis methods 4. The
utilized algorithms are based on the assumption that the diastolic period is longer than the systolic period. In fact, this
assumption is not always true for an abnormal heart sound, especially in infants and cardiac patients 8. Among these
methods, those that utilize the cardiac cycle and an ECG signal, based on the correspondence between the ECG QRS
waveform and the heart sound signals, have been found to yield better segmentation performance. However, their
hardware and software requirements are greater. In addition, public heart sound databases rarely include synchronized
ECG signals, which makes it difficult to segment the heart sound signals based on ECG signals.

2.3. Feature Extraction

Feature extraction is used to convert the raw high-dimensional heart sound signals into low-dimensional features through
various mathematical transformations to facilitate the analysis of the heart sound signals. A variety of handcrafted features
and machine learning-based methods have been applied for feature extraction, with the most common involving the use
of Mel frequency cepstrum coefficients (MFCCs) 1229 Mel domain filter coefficients (MFSCs), and heart sound spectra
(spectrograms) 21, which are based on the short-time Fourier transform (STFT) and discrete wavelet transform (DWT)
coefficients 18, and time and frequency features (2223 from the time-domain, frequency-domain, and time—frequency or
scale domain in the S1 and S2 components. The features extracted by STFT are difficult to balance with the time and
frequency resolutions of the heart sound signals because the length of the window size impacts the resolution of the
signals in both the time and frequency domains. Compared with these methods, the wavelet transform is more effective
for the extraction of the main features of the heart sounds. Wavelet analysis has also been shown to afford high time and
frequency resolutions and better representations of the S1 and S2 components [24],

2.4. Classification

Classification is used to divide the PCG signals into normal and abnormal categories. The utilized algorithms are of two
main types: the first type of employed algorithms uses traditional machine learning methods such as artificial neural
networks (ANNSs), Gaussian mixture models, random forests, support vector machines (SVMs), and hidden Markov
models (HMMs), which are applied to the extracted features to identify different heart sound signals symptomatic of
different heart problems Bl; the other type of employed algorithms uses the latest popular deep learning methods such as
deep CNNs and RNNSs.
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