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Abstract: The automated classification of heart sounds plays a significant role in the diagnosis of
cardiovascular diseases (CVDs). With the recent introduction of medical big data and artificial
intelligence technology, there has been an increased focus on the development of deep learning
approaches for heart sound classification. However, despite significant achievements in this field,
there are still limitations due to insufficient data, inefficient training, and the unavailability of effective
models. With the aim of improving the accuracy of heart sounds classification, an in-depth systematic
review and an analysis of existing deep learning methods were performed in the present study,
with an emphasis on the convolutional neural network (CNN) and recurrent neural network (RNN)
methods developed over the last five years. This paper also discusses the challenges and expected
future trends in the application of deep learning to heart sounds classification with the objective of
providing an essential reference for further study.

Keywords: CVDs; CNN; deep learning; heart sounds classification; RNN

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 [1]. 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 [2]. 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 [3]. 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.
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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.

Figure 1. PCG with simultaneous ECG recording and the four states of the PCG recording: S1, the
systole, S2, and the diastole [4].

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 [5]. 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
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best of our knowledge, this is the first review report that consolidates the findings on deep
learning technologies for heart sounds classification.

Figure 2. Previous studies on deep learning-based methods for heart sounds classification.

The remainder of this paper is organized as follows. Section 2 introduces the main
process of heart sounds classification. Section 3 presents a consolidated review of different
deep learning methods for heart sounds classification. Section 4 further discusses these
methods, compares them with traditional machine learning methods, and examines the
trends and challenges of the application of deep learning to heart sounds classification.
The final conclusions are presented in Section 5.

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.

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, electromag-
netic interference, and random noises such as breath sounds, lung sounds, and environment
sounds [6]. 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 [7]. 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 [8].

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
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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 [9,10], ECG or carotid signal
methods [11], probabilistic model methods [12–15], feature-based methods [16], and time–
frequency analysis methods [17]. 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 [18].
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) [19,20], 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 [22,23] 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 (ANNs), 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 [5]; the other type of employed
algorithms uses the latest popular deep learning methods such as deep CNNs and RNNs.
In summary, although traditional machine learning methods have enabled significant
achievements, they have limitations, which are detailed in Section 4.1.

3. Deep Learning for Heart Sounds Classification

This section outlines the fundamental concepts and deep learning algorithms used
for heart sounds classification. Figure 4 shows a typical block diagram of a deep learning
approach to heart sounds classification. The approaches based on deep learning are mainly
divided into CNN, RNN, and hybrid methods. Studies that describe these methods in
detail are outlined in Table 1. Some of the details are presented in the following subsections,
including the type of features that can be used as deep learning input vectors, applicable
preprocessing techniques, and the process of constructing deep learning models for heart
sounds classification.
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Figure 4. Process of heart sounds classification based on deep learning.

Table 1. Deep learning-based methods for heart sounds classification.

S. No Reference Method Input Features Segment Optimizer Categories Performance on Test
Dataset MAcc, Se, Sp, Acc

CNN-Based Methods

1 Maknickas et al., 2017
[25] 2D-CNN MFSC No RMSprop N, A 84.15, 80.63, 87.66, *

2 Tarik Alafif et al., 2020 [26] 2D-CNN +
transfer learning MFCC NO SGD N, A *, *, *, 89.5%

3 Deng et al., 2020 [24] CNN + RNN Improved MFCC No Adam N, A 0.9834, 0.9866, 0.9801, *

4 Abduh et al., 2019 [27] 2D-DNN MFSC No * N, A 93.15, 89.30, 97.00, 95.50

5 Chen et al., 2018 [28] 2D-CNN Wavelet transform +
Hilbert–Huang features No * N, M, EXT 93.25, 98, 88.5, 93

6 Rubin et al., 2016 [29] 2D-CNN MFCC Yes Adam N, A 83.99, 72.78, 95.21, *

7 Nilanon et al., 2016 [30] 2D-CNN Spectrograms No SGD N, A 81.11, 76.96, 85.27, *

8 Dominguez et al., 2018 [31] 2D-CNN Spectrograms No * N, A 94.16, 93.20, 95.12, 97.05

9 Bozkurt et al., 2018 [32] 2D-CNN MFCC + MFSC Yes * N, A 81.5, 84.5, 78.5, 81.5

10 Chen et al., 2019 [33] 2D-CNN MFSC No Adam N, A 94.81, 92.73, 96.90, *

11 Cheng et al., 2019 [34] 2D-CNN Spectrograms No * N, A 89.50, 91.00, 88.00, *

12 Fatih et al., 2019 [35] 2D-CNN Spectrograms No * N, M, EXT 0.80 (Accuracy on dataset A)
0.79 (Accuracy on dataset B)

13 Ryu et al., 2016 [36] 1D-CNN 1D time-series signals No SGD N, A 78.69, 66.63, 87.75, *

14 Xu et al., 2018 [37] 1D-CNN 1D time-series signals No SGD N, A 90.69, 86.21, 95.16, 93.28

15 Xiao et al., 2020 [38] 1D-CNN 1D time-series signals No SGD N, A 90.51, 85.29, 95.73, 93.56

16 Humayun et al., 2020
[39]

tConv-CNN
(1D-CNN) 1D time-series signals Yes Adam N, A 81.49, 86.95, 76.02, *

17 Humayun et al., 2018
[40] 1D-CNN 1D time-series signals Yes SGD N, A 87.10, 90.91, 83.29, *

18 Li et al., 2019 [41] 1D-CNN Spectrograms No * N, A *, *, *, 96.48

19 Li et al., 2020 [42] 1D-CNN

497 features from time,
amplitude, high-order

statistics, cepstrum,
frequency

cyclostationary and
entropy domains

Yes Adam N, A *, 0.87, 0.721, 0.868

20 Xiao et al., 2020 [43] 1D-CNN 1D time-series signals No N, A *, 0.86, 0.95, 0.93

21 Shu Lih Oh et al., 2020
[44]

1D-CNN
WaveNet 1D time-series signals NO Adam N, AS, MS,

MR, MVP 0.953, 0.925, 0.981, 0.97

22 Baghel et al., 2020 [45] 1D-CNN 1D time-series signals No SGD N, AS, MS,
MR, MVP *, *, *, 0.9860

RNN-Based Methods

23 Latif et al., 2018 [46]
RNN (LSTM,
BLSTM, GRU,

BiGRU)
MFCC Yes * N, A

98.33, 99.95, 96.71, 97.06
(LSTM)

98.61, 98.86, 98.36, 97.63
(BLSTM)

97.31, 96.69, 97.93, 95.42
(GRU)

97.87, 98.46, 97.28, 97.21
(BiGRU)

24 Khan et al., 2020 [47] LSTM MFCC No * N, A *, *, *, 91.39

25 Yang et al., 2016 [48] RNN 1D time-series signals No * N, A 80.18, 77.49, 82.87, *

26 Raza et al., 2018 [49] LSTM 1D time-series signals No Adam N, M, EXT *, *, *, 80.80

27 Westhuizen et al., 2017 [50] Bayesian LSTM
LSTM 1D time-series signals No N, A 0.798, 0.707, 0.889, 0.798

0.7775, 0.675, 0.880, 0.778
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Table 1. Cont.

S. No Reference Method Input Features Segment Optimizer Categories Performance on Test
Dataset MAcc, Se, Sp, Acc

Hybrid Methods

28 Wu et al., 2019 [51] Ensemble CNN pectrograms + MFSC +
MFCC No * N, A 89.81, 91.73, 87.91, *

29 Noman et al., 2019 [52] Ensemble CNN (1D time-series signals +
MFCC) Yes Scikit N, A 88.15, 89.94, 86.35, 89.22

30 Tschannen et al., 2016 [53] 2D-CNN+SVM Deep features Yes * N, A 81.22, 84.82, 77.62, *

31 Potes et al., 2016 [23] AdaBoost +
1D-CNN

Time and frequency
features, MFCC Yes * N, A 86.02, 94.24, 77.81, *

32 Gharehbaghi et al., 2019 [54] STGNN +
MTGNN Time-series signal No * N, A *, 82.8, *, 84.2

33 Deperlioglu et al., 2020 [55] AEN 1D time-series signals No * N, M, EXT

0.9603 (Accuracy for
normal), 0.9191 (Accuracy

for extrasystole), 0.9011
(Accuracy for murmur)

* Abbreviations—N: normal heart sounds, M: murmur heart sounds, EXT: extrasystole heart sounds, AS: aortic stenosis, MS: mitral
stenosis, MR: mitral regurgitation, MVP: mitral valve prolapse, MS: mitral stenosis, Acc: accuracy, MAcc: mean of specificity, Sp: specificity,
Se: sensitivity.

3.1. CNN Methods for Heart Sounds Classification

A CNN, also known as a grid-like topology, is a specialized type of neural network
for processing both time-series data and image data [56]. Figure 5 shows an example of
convolution applied to a 2D tensor.

Figure 5. An example of 2D convolution operation in the architecture of CNNs [56].

The kernel unit network of a CNN is a convolution network that uses a specialized
kind of linear operation instead of general matrix multiplication in more than one layer.
When the input is a one-dimensional vector, the out-feature map y can be calculated by a
discrete convolution operation, which is typically expressed as
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y(n) = x(n) ∗ ω(n) =
∞

∑
m=−∞

x(m)ω(n − m)

where ∗ denotes a convolution operation and ω is a convolution kernel. This is usually
applied to a 1D CNN. In the case of a 2D CNN, the input x and the kernel ω are 2D matrixes,
and the output feature map y can be computed as

Y(i, j) = X(i, j) ∗ ω(i, j) = ∑
m

∑
n

X(m, n)ω(i − m, j − n)

There are three important techniques for performing convolution operations: sparse
interactions, equivariant representations, and parameter sharing [56]. Sparse connectivity
is performed by making the kernel smaller than the input, with parameter sharing enabling
more functions to use the same parameters in a model. This form of parameter sharing
can particularly cause the layer to have a property referred to as equivariant represen-
tation. This specifically results in a function f(x) being equivariant to a function g(x) if
f(g(x)) = g(f(x)).

Two-dimensional CNN-based methods for heart sounds classification benefit from the
successful application of CNNs to computer vision. Conventionally, the 1D heart sound
signals are first converted into 2D feature maps that represent the time and frequency char-
acteristics of the heart sound signals and satisfy the unified standards for 2D CNN inputs
for heart sounds classification. The feature maps most commonly used for heart sounds
classification include MFSC [19,25,32,33], MFCC [26,32], and spectrograms [30,31,34]. Ru-
bin et al. [29] proposed a 2D CNN-based approach for the automatic recognition of normal
and abnormal PCG signals. The heart sounds at the beginning of S1 were segmented into
fixed 3 s segments using Springer’s segmentation algorithm [4]. These one-dimensional
time series of the PCG signals were then converted into 2D feature maps using MFCCs, and
the maps were utilized to train and validate the model. The method yielded an accuracy
score of 72.78% in the 2016 PhysioNet/Computing in Cardiology (CinC) Challenge. Ni-
lannon et al. [30] used a combination of MFCCs and spectrogram feature maps for feature
extraction from fixed 5 s segments of PCG signals to train a CNN model with only one
convolution layer. As a result, their best score was 81.1%, which is only 8.32% higher than
the method in [29]. Maknickas et al. [25] developed a 2D CNN architecture and MFSCs
for recognizing normal and abnormal PCG signals. The MFSCs were extracted from the
log energies, which are obtained by STFT. The MFSC features were organized into three-
channel feature maps, with the three channels representing the static features, first-order
features, and second-order features of the MFSCs, respectively. The three-channel feature
maps were fed into the 2D CNN model, which had a structure similar to that of an AlexNet
network [57]. The network consisted of two fully connected layers, two convolutional lay-
ers, and two maximum pooling layers, with a total of 20,197,212 parameters. The method
produced an average classification accuracy of 86.02%, achieving sixth place in the 2016
PhysioNet/CinC Challenge. In our previous study, we improved this method by using
a combination of Inception [58] and Resnet [59] networks to develop a 138-layer CNN
network [33]. The majority vote strategy was used to determine the category of the PCG
signals, affording better robustness when applied to long heart sounds. In addition to
MFSC features, MFCC features obtained by eliminating the inter-dimensional correlation
through the discrete cosine transform (DCT) have also been utilized as the input vector of
the CNN [24,26,29,32].

In 2D CNN-based methods, the convolution is performed in the time and frequency
domains of the heart sound signals, and multiple levels of distributed representations
are discovered from the low-level feature maps by the addition of more layers and more
units within a layer. These feature maps represent both the time and frequency-domain
features of the heart sound signals. However, the low-level features based on 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 resolutions of the signals in both the
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time and frequency domains. Researchers choose an appropriate window size based on
the assumption that the heart sound signals within the duration of the window size are
stationary. Compared with STFT-based features, DWT-based features are more effective.
Wavelet analysis has been shown to afford a better time resolution at higher frequencies and
a lower frequency resolution at lower frequencies [24]. It also has a higher time–frequency
resolution and enables better representations of the S1 and S2 components.

Although 2D feature maps provide good representations of acoustically significant
patterns, they require an extra transform procedure and the use of a set of hyper-parameters.
Furthermore, a 1D CNN, which is very effective for deriving features from shorter 1D
signals and when the location of the feature within the segment is not very important, can
be used to construct a deep learning model for heart sounds classification. Consequently,
various 1D CNN-based methods with different CNN architectures have been proposed
for identifying different kinds of heart sounds [36–41,60]. In a typical example, the 1D
PCG time series is directly used as the 1D CNN without any spatial domain transform
such as STFT or DWT. Xu et al. [37] proposed a novel 1D deep CNN for PCG patch
classification. The CNN had a block-stacked style architecture and fewer parameters and
used bidirectional connections to enhance the information flow. The method achieved the
highest accuracy score of 90.046% in the 2016 PhysioNet/CinC Challenge, based on only
0.19 M trainable parameters, which is 1/65 of that for the 2D CNN [29]. Nevertheless, the
1D CNN-based method provided a heart sound classification performance comparable
with that of the 2D CNN without the requirement for feature engineering. It is designed
to efficiently reuse the feature maps with less parameter consumption and without extra
preprocessing. One-dimensional CNN-based methods usually perform the task without
complex preprocessing and the use of the numerous hyper-parameters that are required by
2D CNN-based methods.

3.2. RNN Methods for Heart Sounds Classification

RNNs are a family of neural networks specifically used for processing sequential data.
RNN architectures such as gated recurrent units (GRUs) and long short-term memory
(LSTM) have been reported to deliver state-of-the-art performances in numerous applica-
tions, including machine translation, speech recognition, and image captioning [56].

Heart sound signals are a kind of sequential data with a strong temporal correlation
and can thus be suitably processed by RNNs. Indeed, they have been proven to be very
effective and are commonly used for heart sounds classification [46–50].

In the application of an RNN-based heart sounds analysis method, the RNN accepts
an input in the form of a 1D heart sound signal x(t) = (x1, . . . , xT) and, at the current time
t, computes the hidden information or memory of the network, ht, using the previous state
ht−1 and the input signal xt. The softmax function is utilized to project the output vector
onto the probability corresponding to the number of heart sound classes. The standard
equations used are

ht = H(U·xt + W·ht−1 + b)yt = so f tmax(V·ht + c)

where U, V, and W are the weight matries, H is the hidden layer function, and b, c are the
bias vectors. In Figure 6, a general diagram of an RNN architecture is presented.

The key pattern for an RNN is that it can make an output at each time step and have
recurrent connections between the output at one time step and the hidden units at the next
time step, and these connections of the RNN can read an entire sequence and then yield
a single output. To avoid the problem of vanishing and exploding gradients in RNNs, a
gated RNN based on the idea of creating paths through time is usually used to control the
speed of information accumulation. Meanwhile, a standard RNN has a limitation; namely,
that it can only use previous information to make decisions. A bidirectional RNN with
bidirectional long short-term memory (BLSTM) and bidirectional gated recurrent units
(BiGRUs), which use LSTM units or GRUs, can be used for both forward and backward
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information processing, enabling the exploitation of future contexts [61]. All the above
RNN variants have been used in heart sounds classification.

Output layer

Input layer x

W

y

h

V

U

Hddien layer Recurrent layer

 

Figure 6. General diagram of an RNN architecture [56]. Figure 6. General diagram of an RNN architecture [56].

Yang and Hsieh [48] were the first to use an RNN-based method to detect anomalies
in heart sounds provided by the 2016 PhysioNet/CinC Challenge. They utilized a deep
learning model consisting of four layers: the first layer is a GRU with 386 features; the
second layer is a dropout layer; the third layer is a GRU with eight features; and the last
layer is a fully connected layer. Because of the shallowness of the network and the limited
training data, it only achieved a total score of 80.18%. However, compared with other
non-deep learning methods, it eliminates the tedious process of manual feature extraction.
Khan et al. [47] used LSTM in combination with the MFCC features of the unsegmented
data and achieved the best area under the curve score of 91.39% in the PhysioNet/CinC
Challenge, performing better than other algorithms such as SVM, KNN, decision tree, and
ANN for various time and frequency-domain features. Similarly, Raza et al. [49] used
the LSTM model to classify three kinds of heart sounds—namely, normal, murmur, and
extrasystole—in PASCAL heart sound dataset B. As a result, an accuracy of 80.80% was
achieved by this method. In contrast, the method presented in [48] uses a band-pass filter
to remove the noise in the heart sound signals during normalized preprocessing and then
uses a down-sampling technique to reduce the dimension of the data and further fix the
dimension of the heart sound signals by truncation and copying. This further illustrates the
advantages of RNN compared with the traditional classifier for heart sounds classification
and recognition. Furthermore, Latif et al. [46] examined four different types of RNNs;
namely, LSTMs, BLSTMs, GRUs, and BiGRUs. The heart sound data were segmented into
five cardiac cycles using the HSMM method [15], and the MFCC features were extracted
for use as the input of the RNN models. The best classification performance evaluated
on the dataset of the 2016 PhysioNet/CinC Challenge was found to be obtained by using
two gating layers in the cyclic neural network model. The total accuracy of the BLSTM for
normal and abnormal recognition was as high as 97.63%, which was 11.61%, 14.83%, 13.64%,
and 3.47% higher than those of Potes [23], Tschannen [53], Rubin [29], and Dominguez [31],
which were based on CNN. Westhuizen et al. [50] proposed a Bayesian LSTM model with
two hidden layers containing 128 units and used dropout for the classification of heart
sounds. The model was applied to the dataset of the 2016 PhysioNet/CinC Challenge and
achieved an accuracy 2% higher than that of the standard LSTM.
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As mentioned above, both 1D CNNs and RNNs can be used to analyze time-series
heart sound signals for classification tasks with greater accuracy than traditional algorithms.
RNN differs from 1D convolution in that each member of its output produced by the same
update rule applied to the previous outputs is a function of the previous members of the
output, resulting in the sharing of parameters through a very deep computational graph.
However, 1D convolution allows a network to share parameters across time and is thus
very shallow. In particular, RNNs are able to process sequential signals of deep length by
using neurons with self-feedback; nevertheless, LSTMs have poor performance on signals
longer than 1000 time steps [62].

3.3. Hybrid Methods for Heart Sounds Classification

Various integrations of different deep learning models for heart sounds classification
have been proposed in recent years. The integrated methods are mainly divided into
model-based and feature-based types. Some hybrid deep learning networks have also
been developed. The most typical model-based integrated methods combine CNNs and
RNNs. There are two reasons for this particular combination. The first is that CNNs use
various stacked convolution kernels to extract the features layer-by-layer, with the different
convolution kernels capturing different kinds of features. Compared with a fully connected
neural network, CNNs improve the efficiency of feature extraction and significantly reduce
the amount of required computation. The second reason is that RNNs use the loop unit
as the core of the structure, with each unit receiving the data of the current and previous
time steps as its input. This increases the correlation between two successive time steps,
resulting in an RNN having the advantages of being able to process the signals of the
timing relationship. Therefore, the fusion of CNN and RNN models thus results in a
mutual complement. Deng et al. [24] exploited the spatial and temporal characteristics
extracted from the CNN and RNN, respectively, to achieve a higher accuracy. Both CNN
and RNN have strong feature extraction capabilities that enable the direct classification
of normal and abnormal PCGs from the original data, eliminating the need for complex
segmentation of the heart sound features. The extraction procedure fully utilizes the
global characteristics of the heart sound data and facilitates the simultaneous extraction
of the frequency and time-domain information, resulting in better performance than a
single model.

A 1D CNN has also been combined with a 2D CNN to develop a TF-ECNN deep
learning model for learning multiple levels of representations [52]. The 1D CNN was
designed to learn the time-domain features from raw PCG signals, while 2D CNN learned
the time–frequency features. This combination achieved an accuracy of 89.22%, which
is 2.88% higher than that of the 1D CNN, and 2.81% higher than that of the 2D CNN.
Potes et al. utilized an ensemble of AdaBoost and CNN classifiers to classify normal
and abnormal heart sounds [23]. They used 124 time–frequency features to train the
first AdaBoost classifier and decomposed the PCG cardiac cycles into four frequency
bands to train the second CNN classifier. Both the time and frequency-domain features
were extracted from the segmented PCG signals. This ensemble approach yielded the
highest performance in the PhysioNet/CinC Challenge. Noman et al. [52] also developed
a framework based on a 1D CNN and 2D CNN in which short segments of heart beats
were used for PCG classification. The 1D CNN was designed to learn features from the
raw datasets, and 2D time–frequency feature maps were inputted to the 2D CNN. This
1D and 2D CNN combination yielded a classification accuracy score of 89.22%, which is
significantly higher than those of traditional SVM and HMM-based classifiers. Ensemble
models are thus superior to traditional and individual DL models, and they also solve the
over-fitting problem. However, they require more computing resources and their use is
time-consuming.

In data-based methods, heart sounds are classified by combining various features
and using different classifiers. For example, Tschannen et al. [53] proposed a robust
feature representation based on spectral and deep features extracted by CNNs, with an
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SVM used as a classifier. The method yielded a score of 81.2%, which is better than that
achieved using only wavelet transform features. In [51], a Savitzky Golay filter was used to
denoise the heart sounds, and three features—namely, the spectrogram, MFSC, and MFCC—
were then used as the input for multiple CNNs combined by three modified VGGNets.
An average accuracy of 89.81% was achieved in 10-fold cross-validation experiments,
representing an improvement of 5.98%, 3%, and 5.52% compared with the individual
uses of the spectrogram, MFSC, and MFCC, respectively, to train the models. Thus,
the combined use of model-based and feature-based methods produced more accurate
classification results compared with the use of only a single deep learning model. However,
this was also at the cost of more computing resources and time.

As can be observed from Table 1, most of the reviewed studies involved two-class—
i.e., normal and abnormal—heart sounds classification. Due to the scarcity of the re-
quired datasets, only a few studies considered more classification classes [28,35,44,45,49,55].
Fatih et al. [35] combined three pre-trained deep learning models—namely, VGG16, VGG19,
and AlexNet—for the classification of heart sounds into three types—namely, normal (N),
murmur (M), and extrasystole (EXT)—in the PASCAL Classifying Heart Sound Chal-
lenge [63]. However, despite significantly improving the classification accuracy compared
with the baseline method, this ensemble method requires considerable time for training
and prediction using the classifiers. Shu Lih Oh et al. [44] proposed a deep learning
model, WaveNet, consisting of six residual blocks for the classification of five types of heart
sounds—normal, aortic stenosis, mitral regurgitation, mitral stenosis, and mitral valve
prolapse—that are available in public databases [64]. The method produced a high training
accuracy of 97% before the development of the Fatih method [35]. It should be noted that
the utilized datasets were balanced, with each class of heart sound containing 200 record-
ings. Most deep learning-based methods do not utilize a segmentation algorithm to identify
S1, S2, systole, and diastole heart sounds, such as [25–28,30,31,33–38,44,45,47–51,54,55].
The methods are nevertheless very efficient for automatic heart sounds classification.

4. Discussion

The strengths and limitations of heart sounds classification methods based on deep
learning and traditional machine learning methods and the trends and challenges of these
methods are discussed in this section.

4.1. Comparison of Deep Learning and Traditional Machine Learning Methods

Deep learning enables the automatic extraction of the sound characteristics from the
raw data signals and the determination of the rules among the data. Compared with
traditional machine learning approaches, deep learning approaches are more efficient and
accurate. The different processes of traditional machine learning approaches and deep
learning approaches for heart sounds classification are shown in Figure 7. According
to a survey [5], the accuracy of heart sounds classification based on deep learning is
generally higher than that based on traditional machine learning. The strengths and
limitations of deep learning and traditional machine learning for heart sounds classification
are summarized in Table 2.

Table 2. Strengths and limitations of deep learning and traditional machine learning methods for heart sounds classification.

Approaches Strengths Limitations

Tradition machine learning

1. Easy to train.
2. Can effectively and quickly solve the

objective function by convex optimization
algorithm.

1. Has a complex data preprocess and the
segmenting of heart sound signal is

indispensable.
2. Has generalization and robustness issues.

Deep learning

1. Can effectively and automatically learn
feature representations and the trained

model is very good generally.
2. Good performance in classification.

1. The training process takes a long-time and is
affected by limited datasets.

2. High requirements for hardware
configuration.
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Figure 7. Different processes of traditional machine learning and deep learning methods for heart sounds classification.

In most studies on traditional machine learning methods for heart sounds classifica-
tion, a segmentation algorithm was used to identify the locations of the S1, S2, systole,
and diastolic phases. Based on these locations, the time-domain, frequency-domain, and
statistical features were extracted from the segmented heart sounds. The typical traditional
machine learning approach for the automatic segmentation and classification of heart
sounds was proposed by Pedro Narváez [65]. In this work, the empirical wavelet transform
(EWT) and the normalized average Shannon energy (NASE) were used to automatically
identify cardiac cycles and locate the segments of the S1, systole, S2 and diastole in a
recording. This method has given better results than other machine learning methods
such as discrete wavelet transform, Butterworth or Chebyshev filters and empirical mode
decomposition (EMD). However, in the segmented heart sounds classification, the process
of heart sounds classification is more complicated and increases the complexity of the
computation. Conversely, in unsegmented heart sounds classification, a small segment of
the heart sounds is directly converted into representation features, without the need of the
computational cost for substantial feature engineering. The classification performance is
also comparable with that of methods that utilize heart sounds segmentation.

Traditional machine learning methods for heart sounds classification generally use
small-scale training data, and the feature learning is based on prior knowledge of the
data. They thus mostly rely on learned distributed discriminative features. However, the
essence of deep learning is to build a neural network with multiple hidden layers and
to hierarchically fine-tune all the model parameters from the bottom to the top through
massive data training. Strong generalized and abstraction features are extracted step-by-
step from the low-level features of the raw data, and the prediction is made easier through
the use of end-to-end networks, resulting in improved classification accuracy. Unlike
traditional machine learning methods, the single architecture of a deep learning method
can be used for joint feature extraction, feature selection, and classification. Deep learning
is thus very effective for heart sounds classification while eliminating the need for the
complicated feature engineering required by traditional machine learning.

4.2. Trends and Challenges
4.2.1. Training with Limited Heart Sound Data

Deep learning-based methods for heart sounds classification require a large amount
of widely distributed heart sound data to avoid over-fitting and enhance and broaden
the performance of the trained model. It is widely believed that extending training heart
sound datasets and DL-based heart sounds classification models should improve accuracy
and result in better performance. In practice, the amount of heart sound data we have is
limited. Consequently, determining the minimum number of training heart sound samples
needed to achieve high accuracy for heart sounds classification is imperative. However,
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to the best of our knowledge, there are no existing works that discuss this issue. We can
consider [66], in which a general methodology is presented that can be easily applied to
this issue to generate learning curves and determine the necessary heart sound dataset
sizes. Furthermore, to advance the state-of-the-art, the relationships between training set
size, computational scale, and model accuracy improvements should be understood.

In addition, the deep learning performances of most of the utilized algorithms are
usually benchmarked using datasets provided in the 2016 PhysioNet/CinC Challenge.
However, such widely used publicly available heart sound datasets are of small sizes,
especially with regard to specific diseases, and these available datasets typically only
include the sound waveform, excluding relevant clinical information such as gender, age,
and history of illness, which is very important for doctors to perform their assessment.
However, it is time-consuming and labor-consuming to acquire a large amount of heart
sound samples, especially for a specific type of abnormality. Therefore, existing public
heart sound datasets are usually scarce and imbalanced among different classes. This
brings great challenges in classifying these sounds accurately in a real clinical application
when using deep learning technology.

Besides, most existing deep learning methods have concentrated on the two-class
(normal and abnormal) problems of heart sounds classification. However, due to the
limited heart sound data, a few studies have researched the classification of heart sounds
with more classes. In the future, it will be necessary to collaborate with doctors to build
standard heart sound databases that can record clinical information such as gender, age,
position, and history of illness, et al., and share the databases on a cloud platform. This may
allow deep learning methods to identify more specific anomalies in heart sound signals.

Some technologies such as batch normalization, regularization, and dropout can be
used to avoid over-fitting in the training of deep models and maximize the generalization
performance; the variety of recording equipment, environmental noise, and collection
locations involved in the acquisition of heart sound signals directly lead to diversity
in the data distribution. It was shown in [39] that even the best model trained on the
PhysioNet/CinC Challenge datasets [23] achieved only 50.25% accuracy when tested on
the HSSDB dataset. This is because of the limited available heart sound data, resulting in
over-fitting and low accuracy when applied to deep learning methods. There are currently
three approaches to addressing the need for an enormous amount of training data.

The first approach is to augment and balance the available data through various
signal processing techniques such as oversampling and down-sampling [25,42,45,67].
Maknickas et al. [25] used an oversampling scheme to augment small heart sound samples
and balance the positive and negative samples and were able to effectively improve the
performance of classifying positive and negative samples. In addition, the use of syn-
thetic heart sound data has become an effective augmentation method. Thomae et al. [68]
used various audio effects such as tempo, speed, volume, and pitch to artificially increase
their amount of training data, specifically increasing the raw heart sound recordings from
3153 to 53,601. This effectively prevented memorization and improved generalization.
Baghel et al. [45] used the background deformation technique for the augmentation to
improve the performance in a noisy environment.

The second approach to solving the data limitation problem involves the modification
of the algorithms by applying different weights to the cost function based on the distribu-
tion of the training data. This addresses the issues of imbalances in the classification of
heart sounds. The distribution is biased to the high-cost classes and the model gives more
attention to the samples with a small amount of heart sound data. This method has been
widely applied in the fields of speech and image classification. However, there are only
a few related works, such as [42], in which the optimization of the imbalance problem in
the classification of the heart sounds has been used to improve the accuracy of the deep
learning model, offering an ideal research direction.

Besides, generative adversary networks (GANs), a kind of architecture of deep neural
networks consisting of two neural networks called the generator and discriminator, have
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been widely explored in the generation of synthetic images and speech. A GAN-based
method has also been applied in the fields of heart sounds classification. For instance,
Narváez, P. et al. [69] proposed a GAN-based model accompanied by a denoising stage
using the EWT in order to generate synthetic heart sounds with a low noise level. GAN-
based synthetic heart sounds are able to output varied synthetic heart sounds that are
indistinguishable from natural sounds and augment existing databases to train deep learn-
ing models. As a result, the synthetic heart sounds can be used improve the performance
of heart sounds classification models.

4.2.2. Training Efficiency

A central challenge in deep learning is achieving efficient model training. It is often
inefficient to train deep learning neural networks from scratch through the random initial-
ization of the parameters. Indeed, having a large number of factors significantly affects
the success of the training, with the most important aspects including the learning rate,
optimizer, iteration step, and activation function. It is common to explore these optimiza-
tion super-parameters through repeated experiments; however, this makes the training
process extremely time-consuming. Training the deep learning model to automatically
select the super-parameters remains a big challenge. A proper solution would involve the
application of a transfer learning technique.

Compared with training from scratch, transfer learning can be used to accelerate
training and achieve better results. The technique has been used in other fields such as
acoustic classification paradigms, image classification, and natural language processing but
has been rarely applied to heart sounds classification. In [68,70], the authors demonstrate
the efficiency of training a deep model by transfer learning. However, Ren et al. [70] were
the first to explore the application of transfer learning to heart sounds classification. They
replaced the last fully connected layer of the model with two neurons by adapting the
parameters of VGG16 to the heart sound data. This represents a faster means of achieving
a full CNN-based classification compared with training the entire CNNs from scratch and
has been reported to afford a significant improvement of 19.8% relative to the baseline [70].

Alafif et al. [26] used transfer learning to automate the recognition of normal and
abnormal heart sounds. They used the MFCC representation as the input to various pre-
trained CNN models such as SqueezeNet, GoogLeNet, Inception-V3, and Xception, which
were fine-tuned on the new dataset. This approach is effective for training deep learning
models and was used to achieve an average classification accuracy as high as 89.5% on the
PASCAL Heart Sound Challenge dataset.

In addition, Humayun et al. [71] proposed a 1D CNN in which transfer learning was
used to learn the parameters of a 1D CNN model pre-trained on the PhysioNet HS Classifi-
cation dataset. The flattened layer was transferred [72] to a new CNN architecture with a
fully connected layer and three output neurons representing normal, mildly abnormal, and
severely abnormal categories, respectively. The parameters were fine-tuned on TL-Data,
which are different from the samples in the PhysioNet heart sounds classification dataset.
This process enables the avoidance of tedious super-parameter exploration and accelerates
the model training process.

4.2.3. More Powerful Models

Deep learning models with deeper layers normally exhibit more accurate performance,
and this has been the tendency in recent developments. Examples of such models are
the modified AlexNet network [31] with 35 convolutional layers, the modified VGGNet
network [51] with 16 convolutional layers, and the modified InceptionResNet network [33]
with 138 convolutional layers. These models achieved heart sounds classification accuracies
of 97.05%, 93.56%, and 89.81%, respectively, which are significantly higher than those of
models with only two [29] or one [30] convolutional layer. However, deep learning models
with deeper layers may be characterized by higher system complexity, requiring a larger
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memory and more computing resources. This would significantly limit their application in
mobile devices and other systems.

There are several directions that can be employed with the aim of developing efficient
light-weight deep learning models. One involves the compression of the model by reducing
the amount of redundant weights in the DNNs, thereby decreasing the memory and
computing resource demands. The major current methods for compressing deep learning
models include parameter pruning and sharing, low-rank factor decomposition, knowledge
distillation, sparse regularization, and mask acceleration [56]. The application of such
methods to deep learning models for heart sound signals classification would effectively
reduce the storage space requirement and increase the computing speed of the adaptation
to mobile terminal operations.

5. Conclusions

CVDs incur a heavy burden on human health and personal finances, especially in
low and middle-income economies. Because heart sounds provide important initial clues
for the evaluation of the condition of the human heart, computer-aided techniques for
the quantitative analysis and classification of heart sounds can be used to facilitate the
early diagnosis of CVDs for further examination. Many deep learning techniques for heart
sounds classification have been developed in recent years. Deep learning has emerged as an
ideal approach for the classification of heart sounds corresponding to different pathological
conditions of the heart. Despite the advancements in the field, there are still limitations
that necessitate the further development of the technology. The major problems requiring
solutions include data insufficiency, training inefficiency, and insufficiently powerful mod-
els. The development of solutions for these challenges promises to make deep learning a
major breakthrough for human health management.
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