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S1 and S2 Heart Sound Recognition Using
Deep Neural Networks

Tien-En Chen, Shih-1 Yang, Li-Ting Ho, Kun-Hsi Tsai, Yu-Hsuan Chen, Yun-Fan Chang, Ying-Hui Lai,
Syu-Siang Wang, Yu Tsao*, and Chau-Chung Wu

Abstract—Objective: This study focuses on the first (S1)
and second (S2) heart sound recognition based only on
acoustic characteristics; the assumptions of the individual
durations of S1 and S2 and time intervals of S1-S2 and S2-
S1 are not involved in the recognition process. The main
objective is to investigate whether reliable S1 and S2 recog-
nition performance can still be attained under situations
where the duration and interval information might not be
accessible. Methods: A deep neural network (DNN) method
is proposed for recognizing S1 and S2 heart sounds. In
the proposed method, heart sound signals are first con-
verted into a sequence of Mel-frequency cepstral coeffi-
cients (MFCCs). The K-means algorithm is applied to cluster
MFCC features into two groups to refine their representation
and discriminative capability. The refined features are then
fed to a DNN classifier to perform S1 and S2 recognition. We
conducted experiments using actual heart sound signals
recorded using an electronic stethoscope. Precision, recall,
F-measure, and accuracy are used as the evaluation met-
rics. Results: The proposed DNN-based method can achieve
high precision, recall, and F-measure scores with more than
91% accuracy rate. Conclusion: The DNN classifier provides
higher evaluation scores compared with other well-known
pattern classification methods. Significance: The proposed
DNN-based method can achieve reliable S1 and S2 recogni-
tion performance based on acoustic characteristics without
using an ECG reference or incorporating the assumptions
of the individual durations of S1 and S2 and time intervals
of S1-S2 and S2-S1.

Index Terms—Acoustic fingerprinting, deep neural net-
works, heart sound recognition, S1 and S2 recognition.

|. INTRODUCTION

ARDIAC auscultation is a conventional physical examina-
tion for evaluating cardiac function and activities. Audible
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heart sounds are generated by cardiac valves snapping shut or by
turbulent flows. In healthy adults, two normal heart sounds occur
in sequence in a cardiac cycle. The pitch and occurrence time of
heart sounds follow certain patterns. The first heart sound (S1)
occurs at the start of the ventricular systole phase, which results
from closing the mitral and tricuspid valves (collectively known
as the atrioventricular valves). The second heart sound (S2)
occurs at the start of the ventricular diastole phase, which results
from closing the aortic and pulmonic valves. S1 is a low-pitch
sound with longer duration, whereas S2 is a high-pitch sound
with shorter duration. In normal situations, the S1-S2 interval
(systole) is shorter than the S2-S1 interval (diastole).

Numerous heart diseases can be diagnosed effectively
through auscultation [1]. In some fatal heart diseases, such
as acute valvular dysfunction, cardiac auscultation has been
confirmed to be successful, reliable, and inexpensive for early
diagnosis. However, auscultation with a stethoscope has low
diagnostic sensitivity and accuracy in imperfect acoustic en-
vironments, and the accuracy of cardiac auscultation is doctor
and experience-dependent [2]. Moreover, some diseases demon-
strate special occurrence patterns. Thus, how to automatically
detect and accurately evaluate the occurrence time of S1 and S2
has become a crucial task. This task can effectively help doctors
diagnose the occurrence of diseases [3].

Phonocardiography (PCG) is a method for recording heart
sounds by collecting mechanical vibrations generated from heart
beats or turbulent flows with a stethoscope on various parts
over the chest wall; in this process, recorded heart sounds are
presented graphically [4]. PCG could provide quantitative and
qualitative information of heart sounds and murmurs. Stud-
ies on heart sound detection can be divided into two cate-
gories: ECG signal-dependent and ECG signal-independent.
ECG signal-dependent studies include ECG-based instanta-
neous energy detections [5] and R-wave and T-wave de-
tection [6], [7]. In actual clinical cases, however, simulta-
neously and synchronously recording and analyzing ECG
and PCG measurements is not always practical. Thus,
ECG signal-independent (using only PCG or heart sounds)
has become an important research topic. Previous ECG
signal-independent studies used signal processing (e.g., nor-
malized average Shannon energy [8], high-frequency-based
methods [9]), and statistical modeling approaches (e.g., neu-
ral network (NN) classifiers [10] and decision trees [11]). In
addition, some approaches have proposed incorporating the as-
sumptions of S1-S2 and S2-S1 intervals to further improve
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classification performance [12], [13]. Although using interval
regularity can improve the performance in normal situations,
these approaches might not be applicable for patients with
arrhythmia.

This paper proposes a novel acoustic fingerprinting-based
detection framework that applies only supervised classifiers
for recognizing S1 and S2. Mel-frequency cepstral coefficients
(MFCC) [14], typically used for classifying acoustic incidents,
are applied for feature extraction. Subsequently, the K-means
algorithm [15] is used to divide one heart sound fragment into
two groups. A center feature vector is formed for each of the
two groups, and these two feature vectors are concatenated to
form a supervector. Finally, the supervector is fed into a deep
NN (DNN) classifier [16]-[20] in order to classify S1 and S2.
To demonstrate the effectiveness of DNN for S1 and S2 recogni-
tion, we compare it with other well-known classifiers, namely K-
nearest neighbor (KNN) [21], Gaussian mixture model (GMM)
[22], logistic regression (LR) [23], and support vector machine
(SVM) [24]. The experiment results indicate that the proposed
DNN classifier exhibits higher precision, recall, F-measure, and
accuracy in recognizing S1 and S2 compared with existing
methods.

The rest of this paper is organized as follows. Section II
presents related works and the overall architecture for the pro-
posed S1 and S2 recognition system. Sections III and IV corre-
spondingly introduce the feature extraction and DNN classifier
used in the proposed system. Section V presents the experi-
ment procedures, including an introduction to the experiment
data set, experiment setup, and evaluations of precision, recall,
F-measure, and accuracy. Finally, Section VI presents the con-
clusion of this study.

Il. RELATED WORKS AND PROPOSED S1
AND S2 RECOGNITION SYSTEM

This section first presents related works on heart sound recog-
nition and discusses the major advantages of the proposed sys-
tem. Then, we introduce the overall system architecture.

A. Related Works

Numerous signal processing and machine learning algorithms
have been developed to perform S1 and S2 heart sound recogni-
tion. In [9], a high frequency marker was developed by applying
the fast wavelet transform on heart sound signals to extract
the high frequency signatures of the valve closing sounds. By
properly incorporating the information on S1-S2 and S2-S1
durations, the proposed system could achieve excellent perfor-
mance in the case of arrhythmic heart sounds [9]. Meanwhile,
an S1 and S2 heart sound identification system was proposed
that uses the MFCC features and self-organizing-map model.
With a postprocessing stage designed based on heart sound du-
ration and interval, the recognition results were comparable to
those obtained using ECG signals [13]. In [10], time intervals
and diastolic periods of heart sounds were used directly to de-
vise features that were then inputted into an artificial NN (ANN)
and several other classifiers. The experiment results showed that
ANN provides higher classification rates when compared with
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Fig. 1. Flowchart for proposed S1 and S2 recognition system.

other approaches [10]. Olmez and Dukar proposed a multi-stage
heart sound classification system [12]. In the system, the heart
sound segments were first detected by finding the peaks of con-
tinuous segments that exceed the threshold limit. Then, the time
interval and diastolic period information were used to perform
S1 and S2 identification.

The present study has three major goals.

1) Unlike previous studies, we intend to explore the perfor-
mance of S1 and S2 recognition based only on acoustic
fingerprinting without incorporating additional duration
and interval information.

2) Based on the recent success of deep learning in acoustic
modeling [18], [20], we build an acoustic model of S1
and S2 heart sounds using DNN for the first time (to the
best of our knowledge).

3) We investigate the effectiveness of several advanced deep
learning algorithms on this heart sound recognition task.

B. Overall S1 and S2 Recognition Architecture

Fig. 1 shows the flowchart for the proposed S1 and S2 recog-
nition framework. As shown in this figure, the feature extraction
process is first performed to convert heart sound signals into a
set of feature vectors. In the offline phase, the feature vectors
for S1 and S2 are used to train a DNN classifier. In the online
phase, testing feature vectors are introduced into the DNN clas-
sifier, and the testing data category is determined according to
the classifier output.

I1l. FEATURE EXTRACTION FOR PROPOSED SYSTEM

This section details the feature extraction process shown in
Fig. 1. As shown in this figure, the feature extraction comprises
heart sound activity detection (HSAD), MFCC, and K-means
processes. In this section, we present the procedures for MFCC
and K-means. The HSAD process is presented in Section V.

A. Mel-Frequency Cepstral Coefficients

The MFCC feature extraction procedure comprises Six oper-
ations: Pre-emphasis, windowing, fast Fourier transform (FFT),
Mel-filtering, nonlinear transformation, and discrete cosine
transform (DCT). The pre-emphasis operation enhances the re-
ceived signals to compensate for signal distortions. The window-
ing operation divides a given signal into a sequence of frames.
The FFT operation is applied to the windowed signals for spec-
tral analysis. The Mel-filtering operation is designed based on
human perception, and it integrates the frequency compositions
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from one Mel-filter band into one-energy intensity. The nonlin-
ear transformation operation takes the logarithm of all Mel-filter
band intensities. The transformed intensities are then converted
into MFCCs using DCT. MFCC feature extraction has been
confirmed to be effective in speech recognition [25], speaker
recognition [26], and various acoustic pattern recognition tasks
[27], [28].

For numerous applications, using differential parameters to
describe temporal characteristics improves pattern recognition
performance. A differential cepstral parameter is defined as the
slope of a cepstral parameter versus time, representing the dy-
namic change of the cepstral parameters. Hence, three times of
dimensions of original features can be obtained after append-
ing velocity and acceleration features [26]. Velocity (vel) and
acceleration (acc) features can be calculated as follows:

SSMymox e (dyt +m) — e (d,t —m)]

vel (d,t) = y ()
0 22%;1 m?
M,
ace(d,t) = Doty m X [vel (d,tj\;— m) —vel (d,t —m)]
2 oty m?

@)

where c¢(d, t) is the dth dimension of the cepstral parameter,
and 7 is the time indicator for the current sound frame; M, and
M, are window lengths for computing vel and acc coefficients,
respectively. In this study, we set M,, = 3and M, = 2.

B. K-Means Algorithm

The main goal of the K-means algorithm is to determine rep-
resentative data points from large numbers of data points. Such
data points are called “population centers.” The K-means algo-
rithm has been successfully used to perform data compression
(i.e., using a low number of data points to represent a high
amount of data for compressing data) and pattern classification
(i.e., using a low number of representative points to represent
specific categories for lowering the amount of data and avoiding
adverse effects caused by noise). The calculation steps of the
K-means algorithm are presented as follows:

1) Initialization:
Divide training materials v;, ¢ = 1,..., N, randomly
into K groups and arbitrarily choose one observation
from each group as the initial population center py, k
=12,... K.
2) Recursive calculation:
i) Let each v; find the nearest population center and
assign it to that population center by

k* = argy mind (v, ux),72 = 1,...,N (3)

where d(-,-) denotes the distance measure.

ii) All v; that belong to the kth group form a new
group. Calculate the population center y;, again.

iii) If the new groups of the population centers are the
same as the original population center set, training
is completed. Otherwise, new population groups
replace the original population center groups. Step
2) is repeated to continue recursive calculations.

Hidden Layer
Input Layer Al

Output Layer

Fig. 2.

Structure of a DNN model.

In this study, the K-means algorithm is used to cluster the
acoustic features within each heart sound segment into two
groups (K = 2). Then a population center vector is computed
for each group. These two center vectors are then concatenated
to form a supervector. This supervector is the final feature that
represents a segment of heart sound. The supervectors are used
to build classifiers and perform S1/S2 recognition.

V. DNN CLASSIFIER FOR PROPOSED SYSTEM

ANN is a mathematical model that mimics biological NN
structures and allows a computer system to execute classification
or regression tasks. Numerous scholars have proposed diverse
NN models for solving various problems. More recently, NNs
with multiple layers (known as DNN) have shown outstanding
performance in a wide variety of tasks, such as automatic speech
recognition [ 18], speech processing [29], [30], and visual pattern
recognition [31], [32]. The operating principle of DNN [17],
[18] involves using the current output layer as the input for the
next hidden layer. The concept of this algorithm is to use a
high number of hidden layers to strengthen the classification or
regression capability.

Fig. 2 shows the structure of a DNN model. The relationship
between the input feature, @, and output of the first hidden
layer, a1, is described as follows:

a= F(Wiz+b) “

where W and b; respectively correspond to the weight matrix
and bias vector in the first layer, and F'(.) is the activation
function. After obtaining the output of the first hidden layer, the
relationship between the current and the next hidden layer can
be expressed as follows:

ale(Wlal—1+bl)al:2a"'aL )]

where L is the total number of layers in the DNN model. Another
function, G(. ), is usually applied on the output layer, which is
used to execute classifications or regressions. Thus, we have

y= Glar) (6)

where 4 is the DNN output. For classification tasks, the softmax
function is generally used for G(. ) [33]. Given the correct label,
y, the parameters of the DNN classifier can be estimated as
follows:

0" = argming {C (y,4;x, 0) +YyR(W) +np(A)} (7)
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where 0 denotes the DNN parameter set and C(.) is a cost
function.

In this study, cross-entropy [34] is used as the cost function. In
order to train the DNN model, we prepare a set of training data,
X = [x1,...x;,..xy], and the corresponding output labels
Y = [yi1,...yi,..yn], where N is the total number of training
samples; thus, the cost function becomes

J
¢ (v.vix, )= NJZZyulogy” (8)

where Y = [§;,...9;,..9y] is the DNN output (§; is the ith
DNN output given input ;); ¥; ; and 9J; ; denote the jth element
of y; and y,, respectively.

In (7), R(W) is estimated as follows:

w)=> (W ©)
1

where |.||%- denotes the Frobenius norm, and p(.A) is the spar-
sity penalty of the hidden outputs [35], [36]; v and 7 are the
controlling coefficients. These two regularizations are used at
the DNN training stage to mitigate overfitting. According to
(7)—(9), the standard back-propagation algorithm is applied to
compute the parameters in the DNN model [19], [20].

The advantage of DNN is that it has a deep and complex
structure. An intuitive limitation is that when the training data
is insufficient, the DNN parameters (6) might not be estimated
accurately. To overcome this limitation, a pretraining technique
that uses unlabeled data is generally adopted [20], [37]. A pop-
ular pretraining process is to use a deep belief network (DBN)
with maximum likelihood estimation. A DBN model is formed
by stacking a set of restricted Boltzmann machine (RBM) mod-
els. Given the training data, z, the RBM model defines a joint
probability function as follows:

exp (—E (z,h;A))
22 nexp(—E(z,h;A))
where h and A denote the hidden units and parameter set (in-
cluding weight and bias terms), and E(z, h; A) is an energy

function. For Bernoulli (visible)-Bernoulli (hidden), the energy
function is given as follows:

Y Y s,

i=1j7=1

p(zhiA) = (10)

H
> ah;
j=1

(11)
where Z and H are the numbers of visible and hidden units.
Similarly, for Gaussian (visible)-Bernoulli (hidden), the energy
function is given as follows:

S 3) T Z(

i=1j=1 L—l

H
- D ajh

j=1

E (z,h;A) =

szt—

i=1

E (z,h;A) —b;)*

12)

The contrastive divergence algorithm is generally adopted for
estimating the parameters in RBMs [20].
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Fig. 3. Block diagram for the electronic stethoscope used in study.

When estimating a DBN model, the parameters of the first
RBM are estimated using the training data, z. In the following
layers, the greedy learning algorithm is adopted to train another
RBM using the activations of the previous layer as the input
data. This process continues until it reaches the last layer and
forms a DBN. Then, a softmax function is added to the top
of the DBN model, and the standard back-propagation training
with the cost function in (7) is applied to estimate the DNN
parameters.

V. EXPERIMENTS

In the experiment, the feature extraction process as presented
in Section III was collocated with the DNN model as presented
in Section IV in order to build a classification system. In the
training stage, S1 and S2 training data were manually segmented
and labeled by a medical doctor. The S1 and S2 segments were
then collected and used to train a DNN classifier. In the testing
phase, the heart sounds were classified by the trained DNN
model. In this section, we first present the experiment setup and
evaluation metrics. Next, the experiment results are presented.
In the experiments, we first investigate the optimal setups for
acoustic features and DNN structures. In order to evaluate the
performance of the DNN classifier, KNN, LR, SVM, and GMM
classifiers were also implemented and recognition was tested
for comparison.

A. Experiment Setup

Actual audio data collected by our research team were used in
this experiment. The procedures were reviewed and approved by
the local institutional review board committees. The objective
of this study is to recognize heart sounds based on their acous-
tic characteristics. Fig. 3 illustrates a signal processing block
diagram of the electronic stethoscope used in this study.

As shown in Fig. 3, the Analog In unit receives the incoming
sounds, the A/D unit converts the signal from analog to digi-
tal form at a 48-kHz sampling rate, the Filter Switching unit
emphasizes sounds in the lower frequency bands, the Volume
Control unit adjusts the gain of the output sounds, the D/A unit
reconstructs the signal from digital to analog, and the Analog
Output unit outputs the reconstructed sounds. The DSP unit
processes the digital signal for storage in the Memory unit, and
the Memory unit stores raw data that can be used for further
analysis in the future.

We recorded three sets of audio data to form training, de-
velopment, and testing sets. Audio recordings of 16 people (11
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Fig. 4. Positions of heart sound recording in this study.

TABLE |
EVALUATION METRICS

Actual class (observation)

Predicted class
(expectation)

T, (true positive) correct result ~ F, (false positive) false alarm

F,, (false negative) missed
detection

T, (true negative) correct
absence of result

males and 5 females) constituted the training set, which in-
cludes a total of 313 S1 heart sounds and 313 S2 heart sounds.
The development set comprised the recordings of six people
(three males and three females), and 60 S1 sounds and 60 S2
sounds were obtained. Audio recordings of six people (three
males and three females) constituted the testing set, which in-
cludes 87 S1 heart sounds and 87 S2 heart sounds. Notably, the
data for the training, development, and testing sets were mutu-
ally exclusive. For the recordings that belong to the training and
development sets, S1 and S2 sounds were manually segmented;
on the other hand, for those that belong to the testing set, an
HSAD process was performed to detect heart sound segments
before performing recognition. Fig. 4 illustrates the heart sound
recording positions, which were centralized on the second left
intercostal space along the left sternal border (Dand third inter-
costal space on the left sternal border (2)

B. Evaluation Metrics

The evaluation metrics typically used in pattern recognition
and information retrieval are precision, recall, and F-measure.
These metrics serve as the standards for evaluating the effec-
tiveness of a pattern recognition system [38]. Table I lists the
four items used in the evaluations.

Equations (13)—(15) show the definitions of these metrics.

T
Precision = —2 — 13
T, +F, (13)

T
Recall = — — 14
eca T, + T, (14)

Precision - Recall

F-measure — recision - Reca 15)

" Precision + Recall’
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Fig. 5. Spectrogram and waveform plots of S1 and S2.

TABLE I
ACCURACIES OF SINGLE-LAYER ANN WITH DIFFERENT SAMPLING RATES

Sampling rate 5 kHz 10 kHz 15 kHz

Accuracy 68.33%  55.83%  65.00%

Highest accuracy is indicated in bold font.

F-measure is also called F; measure, and it represents the
equal weights of precision and recall. Recall is typically denoted
as true positive rate or sensitivity, and precision is denoted as
a positive predictive value. Accuracy is generally used as the
evaluating metric for classification processes:

Tp+T71,
T,+T,+F,+F,

(16)

Accuracy =

C. Experiment Results

Fig. 5 depicts the S1 and S2 spectrogram and waveform.
A spectrogram is often used to display how the frequencies
present in a temporal signal that varies over time [39]. To draw
the spectrogram shown in Fig. 5, the sampling frequency was
set to 5 kHz, and the frame size was set to 20 ms, with a 10-ms
overlap. From the spectrogram, it can be noted that the S1 and
S2 heart sounds are mainly concentrated in the low-frequency
regions. Moreover, S1 has longer duration than S2.

1) Determining Optimal Feature Configuration and
NN Structure: In this section, we use the development set
to determine the optimal feature configuration and NN struc-
ture. We first conducted experiments using various sound signal
sampling rates: 5, 10, and 15 kHz. In this set of experiments,
sound signals from both the training and development sets were
processed using the same sampling rates (5, 10, and 15 kHz);
a one-layer ANN model comprised of 100 hidden neurons was
used as the classifier, and 13-dimensional MFCCs served as the
acoustic features.

Table II lists the results of this set of experiments indicating
that the 5-kHz sampling rate sufficiently represents heart sound
signals and demonstrates higher accuracy compared with the
10- and 15-kHz sampling rates. We noted that most of the heart
sound signals are adequately represented at the 5-kHz sampling
rate, and that the 10- and 15-kHz sampling rates include irrel-
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TABLE IlI
ACCURACIES OF SINGLE-LAYER ANN UsSING MFCC AND FBANK WITH
DIFFERENT FEATURE DIMENSIONS AND WITH/WITHOUT K-MEANS PROCESS

(@)

Dimension 13 26 39
Without K-means 68.33% 76.67% 82.50%
With K-means 69.17% 79.17% 85.00%
(b)
Dimension 24 168 (24 x7) 264 (24 x 11)
Without K-means ~ 81.67% 77.50% 76.67%
With K-means 83.33% 79.17% 79.17%

Highest accuracy is indicated in bold font; (a) MFCC (b) Fbank.

evant sound components. Therefore, the 5-kHz sampling fre-
quency provides optimal classification performance. Moreover,
the signals obtained at the 5-kHz sampling rate require lower
computational complexity compared with those obtained at the
10- and 15-kHz sampling rates. We maintained the sampling
rate at 5 kHz in the subsequent experiments.

Next, we explore the effectiveness of the velocity and
acceleration features. We extended the original MFCCs
from 13 to 26 dimensions (by appending 13 velocity fea-
tures) and 39 dimensions (by appending 13 velocity and
13 acceleration features). We also investigate the effec-
tiveness of the K-means algorithm in feature extraction.
Table III lists the results of the 13, 26, and 39 MFCC dimensions
obtained with and without the K-means algorithm. For the cases
of “With K-means” in Table III, the K-means algorithm was
applied to the feature vectors within a heart sound segment to
form a supervector feature (as presented in III-B). Meanwhile,
for the cases of “Without K-means”, the mean vector within
a heart sound segment was directly used as the final feature.
In this study, we used the Euclidean distance for d(-,-) in (3)
for the K-means algorithm. In addition to MFCCs, we tested
performance using another acoustic feature—Fbank. Unlike the
MEFCC features, we used 24-dimensional Fbank features, which
are popularly used in DNN-based ASR systems [40]-[42]. In
addition, we combined a context-window of 7" frames around
the target frame to form a concatenated Fbank feature, which
incorporates more temporal information. Accordingly, in addi-
tion to the 24-dimensional Fbank feature, we tested recognition
using 168 (24 x 7, T = 3)and264 (24 x 11, T = 5)-
dimensional Fbank features. In this set of experiments, a
one-layer NN model with 100 hidden neurons served as the
classifier.

Table I1I(a) indicates that the 39-dimensional MFCCs outper-
form the 13- and 26-dimensional MFCCs, thus confirming the
effectiveness of using velocity and acceleration features in heart
sound classification. Moreover, 39-dimensional MFCCs achieve
higher recognition performance than the Fbank features listed
in Table III(b), thus indicating that the 39-dimensional MFCC
feature is more suitable for this particular task. Furthermore,
Table III reveals that the results obtained using the K-means
algorithm are consistently superior to those obtained without
using the K-means algorithm for all dimensions, verifying the
effectiveness of applying the K-means algorithm to the feature
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Fig. 6. A K-means clustering result using 39 MFCC with Euclidian
distance on an S1 heart sound segment.
TABLE IV
ACCURACIES OF DNN WITH DIFFERENT NUMBERS OF LAYERS AND
NEURONS
Layers curons 100 200 300
1 85.00% 85.00% 85.00%
2 82.50% 83.33% 84.17%
3 88.33% 87.50% 83.33%

Highest accuracy is indicated in bold font.

extraction process. In the subsequent experiments, we applied
the 39-dimensional MFCCs and K-means processing.

To further analyze the results of K-means clustering, we plot-
ted the clustering results using 39 MFCCs and the Euclidian
distance, as shown in Fig. 6. In the figure, A and B denote the
two groups clustered by the K-means algorithm. From the fig-
ure, we can observe the characteristics of the two groups: One
contains the features located in the central part, and the other
contains the features in the outer part of the entire heart sound
segment.

Next, we investigate the correlation between classification
performance and NN structure (numbers of hidden layers and
neurons in each hidden layer). We tested the performance of NN
structures that involve one, two, and three hidden layers, with
each hidden layer containing 100, 200, and 300 neurons. Table
IV lists the results. Here, we can see that increasing the number
of neurons from 100 to 200 and 300 does not significantly
enhance the performance of the NN structures that involve one,
two, and three hidden layers, suggesting that using a larger
number of neurons does not lead to considerable performance
enhancements in our task. However, the performance of the NN
structure that involves three hidden layers is clearly superior to
that involving one and two hidden layers, thus suggesting that
using a deep structure can lead to higher accuracies. As indicated
in Table IV, the DNN structure that comprises three hidden
layers, with each layer containing 100 neurons, achieves optimal
performance; this DNN structure was used in the subsequent
experiments.

We further tested the effectiveness of pretraining and acti-
vation functions, such as sigmoid (Sigm), hyperbolic tangent
(Tanh), and rectified linear unit (Relu) [36] on the S1 and S2
classification task. In this study, we followed the pretraining
and backpropagation processes presented in Section IV, and

Authorized licensed use limited to: Bezm-i Alem Universitesi. Downloaded on December 08,2025 at 06:42:13 UTC from IEEE Xplore. Restrictions apply.



378 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 64, NO. 2, FEBRUARY 2017

TABLE V
AcCURACIES OF DNN WITH DIFFERENT ACTIVATION FUNCTIONS AND
WITH/WITHOUT PRETRAINING PROCESS

Sigm Tanh Relu
Without Pretraining 88.33% 83.33% 85.00%
With Pretraining 89.17%  85.00%  85.83%

Highest accuracy is indicated in bold font.

TABLE VI
ACCURACIES OF DNN WITH DIFFERENT WEIGHT DECAY AND SPARSITY
PENALTY SETUPS

Sparsity ——Weight 0.0 0.0001 0.0005 0.001
0.0 89.17% | 86.67% | 90.00% | 89.17%
0.001 89.17% | 88.33% | 90.00% | 90.00%
0.01 87.50% | 90.83% | 88.33% | 89.17%

Highest accuracy is indicated in bold font.

the results of with/without pretraining and different activation
functions are demonstrated in Table V. Here, we first note that
the pretraining procedure indeed provides improved recognition
performance when compared with that of without pretraining.
Moreover, the sigmoid activation function outperforms the other
two activation functions in this task.

Finally, we examine the weight decay and sparsity penalty
(R(W) and p(A) in (7), respectively). We conducted ex-
periments using pretraining and sigmoid activation function
(the best setup in Table V) to test weight decay and spar-
sity penalty parameters. The experiment results are pre-
sented in Table VI, where {weight decay; sparsity penalty} =
{0.0; 0.0} is the same as that presented in Table
V (89.17%). As indicated in Table VI, when com-
pared with {weight decay; sparsity penalty} = {0.0; 0.0},
{weight decay; sparsity penalty} = {0.0001; 0.01} achieves
a clear accuracy improvement of 1.66% (89.17% to 90.83%).
The result confirms that when the training data is limited, suit-
able weight decay and sparsity penalty can allow DNN attain
higher S1 and S2 recognition accuracies.

2) Comparison of DNN With Other Classifiers: In
this section, we compare the performance of DNN with other
classifiers using the testing set. As mentioned in Section V-A,
S1 and S2 heart sounds that belong to the testing set were not
segmented in advance. Therefore, the HSAD procedure shown
in Fig. 1 and based on Shannon energy [43] was applied to
detect heart sound segments before performing classification.
The Shannon energy is computed by

Shannon energy = — 2% - log 22 (17)
where x is the signal.
Then, the average Shannon energy is calculated by
1 &, .
Es = — I Z 2 omm (2) - logas . () (18)

=1

where x,,,1, is the normalized signal and M is the signal length.
We set M, = 50 (i.e., 10 ms) in the experiments.

1001 KNN

§ 90 ?\§ . § E= DNN
n
N N
N N
- \ N 2\

Precision Recall F-measure
Fig. 7. Precision, Recall, and F-measure scores of S1 obtained using

five types of classifiers.

From the 87 S1 and 87 S2 heart sounds in the testing set, 87
S1 and 82 S2 heart sounds were detected correctly based on the
segmentation algorithm with the HSAD procedure. Because the
main purpose of this study is to investigate whether S1 and S2
can be effectively recognized based on acoustic characteristics,
we tested recognition using the correctly detected 87 S1 and 82
S2 heart sounds in the following experiments.

To confirm the effectiveness of DNN on S1 and S2 clas-
sification, we tested the performance using other well-known
classifiers, including KNN, GMM, LR, and SVM. The operat-
ing concept of the KNN algorithm is relatively simple because
it involves using only features as the evaluation standard for
distances [21]. GMM is a well-known generative model. In the
training phase, a GMM is trained for each category. In the testing
phase, the probabilities of testing data on GMMs of the entire
categories are calculated, and the classification is determined
based on probability scores [22]. The LR model is a very pop-
ular classification model that aims to maximize the conditional
log-likelihood in order to optimize the model parameters [23].
The SVM classifier represents data samples as points in space
and determines a gap to separate the two classes of data in the
training phase. In the testing phase, each data sample is first
mapped into that same space, and then predicted to belong to
a class based on the side of the gap on which the sample falls
[24]. In this study, the KNN classifier uses the Euclidean metric
for the distance calculation. For the GMM model, eight GMMs
were used. For the SVM classifier, the Gaussian radial basis
function was used as the kernel function. The parameters used
in KNN, GMM, LR, and SVM were all optimized based on the
development set.

Figs. 7 and 8 and Table VII demonstrate the experiment re-
sults for the recognition of S1 and S2 using KNN, GMM, LR,
SVM, and DNN classifiers. The experiment results for preci-
sion, recall, F'; measure, and accuracy are very consistent when
comparing these five classifiers with the following three obser-
vations.

1) KNN achieves worse performance compared with the
other three classifiers, possibly because of its too simple
structure and relatively limited classification capability.

2) LR, SVM, and DNN outperform GMM suggesting that
discriminative classifiers can give better performance
when S1 and S2 labels are given.
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Fig. 8. Precision, Recall, and F-measure scores of S2 obtained using

five types of classifiers.

TABLE VII
ACCURACIES OF FIVE CLASSIFIERS

Methods KNN GMM LR SVM DNN

Accuracy  78.11%  86.98%  87.57%  90.53%  91.12%

Highest accuracy is indicated in bold font.

3) DNN achieves the best performance with 91.12% accu-
racy confirming its better classification capability when
compared with the other four classifiers.

VI. CONCLUSION

This study proposed a system that entails the combination of
the DNN acoustic fingerprinting classifier and MFCC acoustic
features for recognizing S1 and S2 heart sounds. In this study,
we focused on the recognition performed based only on the
acoustic characteristics of S1 and S2 without considering the
information of individual S1 and S2 duration or the time in-
tervals for S1-S2 and S2-S1. It was noted that the recognition
accuracies of individual S1 and S2 are very high, even when
the duration and interval are not accessible, thus suggesting
that the proposed system can be used for patients with arrhyth-
mia, which can generate irregular S1 and S2 time intervals. The
precision, recall, F-measure, and accuracy of the classification
processes were compared, and the results showed that S1 and
S2 can be effectively recognized with more than 91% accuracy.
Furthermore, S1 recognition demonstrated better performance
compared with S2 recognitions in terms of F-measure. There-
fore, S1 can be used to obtain S2 according to the recognition
order in clinical practice. Another contribution of this paper is
that we confirmed the effectiveness of using DNN for building
acoustic models to characterize S1 and S2 heart sounds. In ad-
dition, we evaluated and compared the performance of several
feature extraction methods and advanced deep learning algo-
rithms on this particular task. In the future, new corpora can
be collected for experiments to increase the effect of changes
in training corpora and conduct further processing in various
audio-receiving environments.
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