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ABSTRACT With the application of wireless body sensing network to real-time monitoring of biological
signals, compressed sensing (CS) has become a promising signal acquisition technology that can extend
monitoring time, reduce equipment cost and decrease power consumption. This paper makes a comparative
study on the acquisition of heart sound (HS) signals by CS, compares and analyzes the performance of
wavelet basis, reconstruction algorithms and frames. Among a large number of experimental data records,
the reconstruction performance under different compression rates is comparatively studied, and the suitable
wavelet basis, reconstruction algorithm and signal frame size for HS acquisition are obtained. The presented
performance records and comparative analyses can give benchmarks for future academic research, and are
also believed to be beneficial for practical applications.

INDEX TERMS Compressed sensing, heart sound, wavelet basis, reconstruction algorithm.

I. INTRODUCTION
According to the report of World Health Organization, car-
diovascular diseases (CVDs) are the number one cause of
worldwide death, an estimated 31% of all the deaths globally.
In a single year of 2017, the CVDs are responsible for approx-
imately 17.8 million deaths [1]. Individuals at risk of CVDs
usually have irregular blood pressure, heart rate, etc., which
are generally easier to be monitored. In this scene, long-
term and real-time monitoring of body status plays critical
roles for earlier diagnosis and better treatments of the CVDs.
The rapid developing wireless body sensor network (WBSN)
emerges as a promising solution [2]. The WBSN’s sensors
first collect the biomedical signals of a patient, then transmits
these parameters to a remote center which always locates in
a hospital. Finally, with the state-of-the-art analysis by the
artificial intelligent and medical diagnosis, the CVDs can be
earlier discovered and better treated. In addition, WBSN can
also be integrated as a sub-network into Internet-connected
networks or Internet of Things [3], [4] and provide various
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smart healthy services, as demonstrated in Fig. 1. Benefiting
from the remarkable progresses of wearable devices and
networking technologies [5]–[7], WBSN is expected to play
more important roles for intelligent health treatments in the
future smart cities. For the acquisition process of WBSN,
energy consumption of the sensors is the most critical
problem for practical applications [8]–[10], because it has
remarkable impacts to prolong the monitoring time and to
make the devices smaller and comfortable. The traditional
signal acquisition techniques are based on Nyquist-Shannon
theory. They require high energy consumption, and further
result in the high cost of the sensors [11], [12]. Improving
the signal acquisition and processing method in terms of
energy consumption is of great significance for extending the
lifespan of bio-sensors, and thus prolong the monitoring time
of the WBSN for collecting the patient’s healthy parameters.

Compressed sensing (CS) is a new signal acquisition tech-
nology with the advantage of low power consumption [13].
Based on the sparse characteristics of the signals, CS is
able to reconstruct the original signal with less sampled
data [12]. Compared with the traditional Shannon’s theorem,
the lower sampling frequency will remarkably reduce the
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FIGURE 1. Illustration of the wireless body sensor network.

energy consumption. At the same time, CS can compress
the signal in the process of acquisition, so as to reduce the
data volume and achieve the purpose of reducing data storage
and power consumption [12], [14]. At present, CS has been
widely used for signal acquisition and processing [15]–[18].
When applied in WBSN, CS can significantly improve the
monitoring efficiency of the bio-sensors and furthermore
extend the monitoring durations [8], [19]. It has been pro-
posed by Zhang et al. [20] and Polania and Barner [21] that
using CS for electrocardiograph (ECG) signals had good
reconstruction quality and can be well applied to the design
of WBSN. In [22], Zhang et al. proposed the block sparse
bayesian learning (BSBL) algorithm for reconstructing ECG
signals from the CS measurements, and demonstrated that
BSBL had remarkable advantages over traditional solutions
in terms of accuracy and efficiency. On the other hand, Pant
and Krishnan [23] analyzed the reconstruction performance
of CS for different QRS complexes, and concluded that the
reconstruction performance of CS is related to specific QRS.
By promoting the sparsity of ECG on the first-order and
second-order difference, reconstruction algorithms based on
ldp and l2dp optimization are theoretically investigated and
experimentally validated in [19]. In addition, applications
of CS for acquiring electroencephalogram (EEG) [24] and
electromyography (EMG) [25] were also investigated.

On the other hand, researchers seldom explored CS for
sampling heart sound (HS) signals. In addition to ECG,
HS is also an important reference for monitoring CVDs.
Sejdic and Chaparro [26] had proven that CS is suitable
for acquiring HS, and demonstrated that 40% samples are
sufficient to reconstruct the original HS signals accurately.
Cheng et al. [27] proposed and verified a multi-channel CS
model for HS acquisition. The achievements of [26] and [27]
fully proved that the CS is suitable for the reconstruction
of heart sound signal. However, extensive study of CS for

HS acquisition is lacking at present. The aforementioned
related works didn’t give the most suitable benchmarks for
HS reconstruction in terms of the common-used wavelet
basis, reconstruction algorithms and frame sizes. The aca-
demic research requires benchmarks, and the practical appli-
cations also need referred data records.

In this work, we conduct a comparative analysis on the
acquisition of HS using CS technique. A total of 52 wavelet
basis, 5 reconstruction algorithms are introduced, and the
impact of frame size is also evaluated. The contributions of
this paper can be summarized as follows.

1) The acquisition of heart sound using CS technique has
been compressively analyzed.

2) Different wavelet basis have been tested, and the best
sparse basis which can serve as benchmarks for future
sparsifying basis has been found out.

3) Various reconstruction algorithms have been analyzed,
the results can serve benchmarks for future recovery
techniques.

4) This paper first investigates the effect of frame size for
the reconstruction of HS signals.

5) The source sources are open accessible for extension.1

The remainder of this paper is organized as follows.
Section II introduces the basic theory of CS and HS, and
also sketches the application of CS for HS acquisition The
experiment configuration is given in Section III, while the
results are described and analyzed in Section IV. Finally,
conclusions will be drawn in the last section.

II. RELATED WORK
A. COMPRESSED SENSING
As introduced in [12], [13], [20], [23], CS is a technology
that uses fewer samples (than those in Nyquist-Shannon
theorem) to reconstruct the original signal. As long as the
signal is sparse or compressible in certain transform basis,
the CS theory demonstrates that it can be acquired by a linear
sampling process and then reconstructed by optimization
approaches. The classical sparse transform methods include
discrete cosine transform, Fourier transform, discrete wavelet
transform, etc [12], [13], [28].

Mathematically, let signal x be a one-dimensional signal
of length N , and the sparsity is k (k 6=0). The signal x can be
sparsely expressed as

x = 9s (1)

where 9 is the sparse basis matrix and s is the coefficient.
A suitable sparse transform should be selected to minimize
the number of the non-zero coefficients, i.e., to promote the
sparsity level. When the signal can be represented sparsely,
a random measurement matrix 8 is employed to project the
high-dimensional signal onto the a low-dimensional space,
and get the measurement vector y as

y = 8x, (2)

1The source codes are open accessible via https://github.com/lurenjia212/
CS_Heart_Sound_Acquisition/.
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where 8 is with dimension M×N . In this scene, the
N -dimensional signal x has been compressively sampled
as an M dimensional measurement y. Combining Eqs. (1)
and (2), the CS acquisition process is finalized into Eq. (3)
in which 2 denotes sensing matrix.

y = 8x = 89s = 2s. (3)

Only when matrix 2 satisfies the Restricted Isometry Prop-
erty (RIP) [29], theM -dimensional measured value y can pre-
serve sufficient information for fully recovering the original
signal x. The equivalent condition of RIP is that the measure-
ment matrix 8 is unrelated to the sparse basis. This property
ensures that the measurement matrix will not map two differ-
ent K sparse signals into the same set. It has been proven that
Gaussian matrix, Bernoulli matrix, Fourier random matrix,
Hadamar matrix are unrelated to the common-used sparse
basis, and thus guarantee the RIP of the resultant 2. In other
words, these random matrices can be used as the alternative
measurement matrix of CS.

Unlike the linear multiplication in the acquisition process,
signal reconstruction should be preformed with the help of
optimization approaches. The reconstruction process is

min ‖s‖1 subject to y = 2s. (4)

After obtaining s, the the signal is further calculated by
Eq. (1). The current commonly used algorithms for Eq. (4)
can be roughly divided into convex optimization, greedy
pursuit, and iterative thresholding. In specific, the widely-
used reconstruction algorithms include Orthogonal Matching
Pursuit (OMP), Basis Pursuit (BP), Compressive Sampling
Matching Pursuit (CoSaMP), iteratively reweighted least
squares (Irls), and subspace pursuit (SP) [12], [22], [30].
The performance of these reconstruction algorithms for ECG
acquisition has been investigated in [8]. These algorithmswill
also be adopted in this work.

B. HEART SOUND SIGNALS
The HS signals are the sounds when our hearts contract.
They are periodic signals that can be recorded by a stetho-
scope or special electronic instrument. The pathological state
of the heart is distorted, resulting in the noise of the HS.
Doctors can make the initial diagnosis through the noise or a
series of medical indicators including heart rate, heart sounds,
duration of diastolic and systolic events (W1/W2), and dias-
tolic and systolic periods (D/S) [31]. As an important indica-
tor of CVDs, heart sound signal has an many advantages. The
HS has characteristics of non-originality and good periodic-
ity, and the presence of murmur or distortion in HS reveals the
cardiovascular diseases. The application of HS for detecting
CVDs has received increasing attention in recent years.

The periodic beating of the heart produces four heart
sounds: the first (S1), the second (S2) (normally heard),
the third (S3 is usually heard only by children and adoles-
cents), and the fourth (S4 is rarely heard normally) [26], [32],
as shown in Fig. 2.

FIGURE 2. Illustration of a HS waveform.

The ideal-heart sound has no periodic variation waveform
of S3 and S4. Each heartbeat period has two extremes, cor-
responding to the peaks of S1 and S2. The systolic period
of the heart lasts from S1 to S2, and the diastolic period
lasts from S2 to S1. Normally, diastole is slightly larger
than systole [27]. When the heart beats too fast, diastolic
periods shorten, and further make the systolic and diastolic
periods identical. The doctors can use this phenomenon to
make a diagnosis. According to the different stethoscope area,
the intensity of HS will also be different. The S2 signal of
aortic area is strong, and the S1 signal of bicuspid valve and
tricuspid valve stethoscope area is strong [27]. For the wave-
form of a group of HS, the three values S1/S2, W1/W2 and
D/S obtained by medical indicators can determine the con-
gestive state of the heart [33].

The accuracy and reliability of heart signals determine
a doctor’s diagnosis. With the development of WBSN,
the accuracy and reliability of electronic devices for HS
monitoring have been greatly improved, which can be fully
applied to the diagnosis of CVDs in clinical treatments.

C. CS FOR HS ACQUISITION
In comparison with the extensive research on ECG and EEG
acquisition, there are few previous works focusing on acquir-
ing HS using the CS technique [26], [27].

There are two previous works can be referred [26], [27].
On one hand, Sejdic and Chaparro [26] first investigated
the feasibility of using CS to acquire the HS signals. Based
on modulated discrete prolate spheroidal sequences, it was
reported that when the measurements have only 40% samples
of the original HS signal, the HS can also be accurately
reconstructed. On the other hand, Cheng et al. [27] proposed
a multi-channel model to parallelly collect and compress
the HS of different intensity in different auscultation areas.
Numerical experimental results demonstrated that the model
proposed in [27] was able to achieve a speed of 9-10 times
faster than BSBL algorithm, and obtained a better reconstruc-
tion quality at the same time.

However, a comprehensive study on CS acquisition of HS
signals with common sparsifying basis and reconstruction
algorithms is still lacking. The benchmarks in various aspects
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require more numerical support. For example, the BSBL
is originally developed for ECG acquisition [22] yet it is
introduced in [27] as a compared algorithm. If we can use
open accessible HS data sets, and find the most suitable spar-
sifying basis and reconstruction algorithm from the common
candidates, then they can be referred as benchmarks in the
future academic research. This is our primary concern.

III. COMPARATIVE EXPERIMENTS
In this work, three factors are evaluated for the HS acquisition
with CS technique. Specifically, the wavelet basis, recon-
struction algorithms and different frame sizes are tested in
terms of various performance indicators. The primary goal is
to find the suitable sparsifying basis among wavelet family,
the satisfactory reconstruction algorithms among the widely-
used ones, and the suitable frame size. The raw data and
analytical conclusion are expected being beneficial to not
only future academic research but also practical applications.

A. PLATFORM AND DATABASE
All of the experiments are implemented by Matlab 2018a on
our computing platform, a personal computer with an Intel(R)
Core(TM) i7 CPU (3.00 GHZ) and 16 GB memory.

The HS samples in the experiments are obtained from the
PhysioNet Database.2 All the introduced records are first re-
sampled to 1024 Hz (from 2048 Hz) and a total of 100 heart
sound signals are employed in our experiments.

B. PERFORMANCE METRICS
The experiments mainly compares the compression ratio
(CR) and reconstruction quality. Three metrics in terms
of reconstruction quality are introduced, i.e., percentage
root-mean-squared difference (PRD) [8], structural similarity
index (SSIM) [13] and executive time. The CR in this paper
is defined as

CR = 1−
M
N
.

Obviously, CR is a float number less than 1. The value of CR
reveals the length of the samples (measurements).

The PRD is defined as the percentage of distortion between
the original signal and the reconstructed signal. The mathe-
matical formula of PRD is

PRD =

∥∥∥X̂ − X∥∥∥
‖X‖

· 100,

where X is original signal and X̂ is reconstructed signal.
The third performance index is SSIM, defined as

SSIM (x, x̂) =
(2µxµx̂ + c1)(2σxx̂ + c2)

(µ2
x + µ

2
x̂
+ c1)(σ 2

x + σ
2
x̂ + c2)

,

where µx is the average of the x, µx̂ denotes the average
of the x̂, σ 2

x is the variance of x, σ 2
x̂ is the variance of x̂,

2The dataset is available via https://physionet.org/content/challenge-
2016/1.0.0/. We use the data records in training− a directory.

while σxx̂ refers to the covariance of original signal and
reconstructed signal, respectively. The variable c1 and c2 are
constant, in our experiment, they are set as c1 = 0, c2 = 0.
Essentially, SSIM denotes the similarity of two signals,
higher SSIM refers to higher similarity.

In addition, the reconstruction time is of course also an
important comparison index.

C. COMPARATIVE DIMENSIONS
Three factors are included for comparative analysis. The first
factor is the sparsifying basis. This paper aims to make a
comparative analysis of the reconstruction quality in differ-
ent wavelet basis, and will give empirical results for future
research of HS acquisition. A total of 52 wavelet basis are
compared in this work, they are haar, dbn (n = 2–10), symn
(n = 2–8), coifn (n = 1–5), biornr.nd (nr = 1, nd = 1, 3, 5;
nr = 2, nd = 2, 4, 6, 8; nr = 3, nd = 1, 3, 5, 7, 9; nr = 4,
nd= 4; nr= 5, nd= 5; nr= 6, nd= 8) and rbionr.nd (nr= 1,
nd= 1, 3, 5; nr= 2, nd= 2, 4, 6, 8; nr= 3, nd= 1, 3, 5, 7, 9;
nr = 4, nd = 4, nr = 5, nd = 5; nr = 6, nd = 8).
The second factor is the reconstruction algorithm. When

the sensing matrix 2 satisfies RIP, the signal x can be recov-
ered from theM -dimensional projection y by a reconstruction
algorithm. In our experiments, the measurement matrix is
fixed as Bernoulli matrix which can assure the RIP require-
ments of 2 when collaborating with the common-used spar-
sifying basis. The adopted reconstruction algorithms in our
experiments include OMP, BP, CoSaMP, Irls and SP. These
algorithms are employed on each CR region.

The last factor is the frame size. A frame is named for the
short-time signal which is reconstructed one time. The size of
a frame may affect the reconstruction performance in terms
of PRD and SSIM [34]. This paper discusses the relationship
between the frame size and reconstruction quality. The tested
frame sizes include 256, 512, 768, 1024, 2048 and 4096. On
the basis of a fixed reconstruction algorithm and measure-
ment matrix, 100 heart sounds were employed to exploit the
influence of frame size to the quality of the reconstructed
signal. Finally, we suggest the empirical satisfactory frame
size for the CS application of HS acquisition.

IV. RESULTS AND DISCUSSIONS
A. PERFORMANCE ANALYSIS VERSUS WAVELET BASIS
First, the reconstruction is implemented over 52 types of
wavelet basis. The reconstruction algorithm is fixed as BP,
while the frame size is 1024. The experimental results are
shown in Tables 1 and 2, and Fig. 3. With the reduction
of CR, PRD decreases significantly, i.e., the signal quality
improves. The results demonstrate that rbio5.5 is always the
best wavelet basis for HS reconstruction. In addition, bior2.6,
bior2.8 and rbio4.4 also have good PRD performances.When
CR is less than 35%, bior2.6 has a satisfactory reconstruction
performance. On the other hand, bior2.8 and rbio4.4 are good
choices when CR is in the range of 30%-70%, while bior2.8 is
also a good alternative when CR is greater than 70%.
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TABLE 1. PRD of various wavelet basis.

However, rbio3.1, bior3.1 and bior3.3 always have bad
reconstruction performance. When CR is greater than 35%,
bior3.1 had the worst PRD. In addition, the PRDs in rbio3.5,
rbio3.7 and rbio3.9 basis were poor either. It is not recom-
mended to reconstruct the HS signal in these six wavelet
basis.

In addition to the PRD performance, Table 2 reveals the
similarity between the reconstructed HS signals and the orig-
inal one under various wavelet basis. The results are similar to

but not equal with the PRDs in Table 1. The SSIM decreases
with the increase of CR. In the range of 5%-60%, rbio5.5 has
the best SSIM,more than 50%.On the other hand, rbio3.1 and
bior3.1 had the worst similarity while rbio3.3, and rbio3.5,
rbio3.7 and rbio3.9 don’t possess satisfactory SSIM either.
In addition, in a fixed CR, the required reconstruction
times in the tested wavelet basis are roughly the same.
Generally, the greater the CR, the shorter the reconstruction
time.
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TABLE 2. SSIM of various wavelet basis.

B. PERFORMANCE ANALYSIS VERSUS RECONSTRUCTION
ALGORITHMS
In this suite of experiments, 5 reconstruction algorithms are
evaluated in terms of the PRD, SSIM and execution time. The
sparsifying basis is fixed as db2, while the frame size is set
as 1024 for fair comparison. The reconstruction performance
of the compared algorithms is listed in Tables 3, 4 and 5.
In addition, the PRDs are also plotted in Fig. 4 for visual-
ized perception. As can be observed, different reconstruction

algorithms bring about different signal qualities. The results
show that Irls has the best reconstruction PRD for almost
every CR region. When CR is less than 35%, the PRD
and SSIM performance of OMP algorithm are also more
satisfactory than other counterparts. When CR is greater
than 50%, BP algorithm can be used as an alternative in terms
of PRD and SSIM. However, when CR is greater than 50%,
PRDs and SSIMs of OMP and CoSaMP methods are
unsatisfactory.
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TABLE 3. PRD of various reconstruction algorithms.

TABLE 4. SSIM of various reconstruction algorithms.

TABLE 5. Reconstruction time of various reconstruction algorithms.

FIGURE 3. PRD versus different wavelet basis.

The execution times of the reconstruction algorithms are
very different from each other, as listed in Table 5. The BP
generally acts as the most efficient reconstruction algorithm,
while the operation time of SP is also relatively shorter.
However, Irls requires the longest operation time. In addition,
OMP and CoSaMP don’t have remarkable advantageous in
each region either.

The SSIMs between the original signal and the recon-
structed signals are also calculated. The results are listed

FIGURE 4. PRD in different reconstruction algorithms.

in Table 4. The Irls algorithm has the highest SSIM, it almost
reaches up to 95.8%. The SSIMs obtained by CoSaMP and
SP algorithms are relatively lower.

Referring to the aforementioned experimental results,
we can conclude that the Irls is the best reconstruction algo-
rithm in terms of signal quality, but it takes the longest time
to be executed. The BP algorithm has better compromise
in terms of execution efficiency and reconstruction quality.
In addition, when CR is greater than 50%, SP may also be
considered. On the other hand, if reconstruction quality is
a priority, the Irls algorithm is recommended.

C. PERFORMANCE ANALYSIS VERSUS FRAME SIZE
This section describes the impact of frame size to the
signal reconstruction quality. The BP is fixed as the
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TABLE 6. PRD of various frame sizes.

TABLE 7. SSIM of different frame sizes.

TABLE 8. Reconstruction time of different frame sizes.

reconstruction algorithm. The tested frame sizes range from
256 to 4096. The results are listed in Tables 6-8, while the
PRDs are also visualized demonstrated in Fig. 5. As indicated
by these results, at different frame size, PRD increases with
CR. On the same CR, the reconstructed PRDs with frame
size of 256 and 512 are relatively poorer. Table 7 compares
the similarity between the reconstructed signals with the
original one. It is revealed that similar SSIMs have been
obtained in terms of various frame sizes. However, a signal
with a frame size of 256 has a better SSIM than the other
frame sizes. Such an observation is a bit different from that

FIGURE 5. PRD in different frame sizes.

derived from the PRD values in Table 6. Table 8 shows the
relationship between reconstruction time and frame size. It is
obviously that under the sameCR, the longer the signal frame,
the longer the operation time.

D. DISCUSSIONS
The aforementioned experiments discuss the application of
CS for HS acquisition, exploring the performance in terms
of 5 reconstruction algorithms, 52 wavelet basis and different
frame sizes. Then corresponding observations are illustrated.

Among the five reconstruction algorithms, the Irls has the
best reconstruction quality, but also has the longest recon-
struction time. It is suggested that Irls algorithm can be
selected when the requirements of reconstruction quality
are of higher superiority. On the other hand, BP and SP
algorithms can make a compromise between execution time
and reconstruction quality at different compression levels.
Observing the performance indicators in terms of wavelet
basis, it is shown that rbio5.5 is the best wavelet basis. The
rbio5.5 can be used for practical applications, or act as a
benchmark for the future research in term of sparsifying basis
for CS acquisition of HS. In the analysis of frame size, it is
concluded that the frame size from 256 to 4096 has little influ-
ence on the reconstruction quality. The reconstructed signals
from different frame sizes have indistinctive difference in
terms of PRD and SSIM.
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Referring to the presented data records, for practical
applications owing different types of requirements, the users
can choose suitable combinations of wavelet basis, recon-
struction algorithm and the frame size. In addition, these
results can also be used as benchmarks for academic research
of HS acquisition using CS. For example, if we want to
develop a suitable reconstruction algorithm, the Irls should
be compared in terms of reconstruction quality while the
executive time should be compared with BP. In this scenario,
the developed algorithm can be declared satisfactory when it
has superiorities in both dimensions.

V. CONCLUSION
In this paper, the acquisition of heart sound signals by com-
pressed sensing is comparatively studied. Amounts of exper-
iments have been carried out and the results are analyzed in
detail. Experimental results show that rbio5.5 is considered
being a satisfactory wavelet basis for heart sound acquisition,
while Irls gives best reconstruction quality and BP algorithm
has good efficiency. In addition, we also analyze the impact
of the frame size, and conclude that the frame size has little
effect on the reconstruction accuracy. The involved conclu-
sions in terms of sparsifying basis, reconstruction algorithms
can be used as benchmarks for future academic scientific
research, and the experimental data records are also believed
being beneficial for practical applications.
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