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Abstract—Recent advances in technology have enabled
automatic cardiac auscultation using digital stethoscopes.
This in turn creates the need for development of algorithms
capable of automatic segmentation of heart sounds.
Pediatric heart sound segmentation is a challenging task
due to various confounding factors including the significant
influence of respiration on children’s heart sounds. The
current work investigates the application of homomorphic
filtering and Hidden Markov Model for the purpose of
segmenting pediatric heart sounds. The efficacy of the
proposed method is evaluated on the publicly available
Pascal Challenge dataset and its performance is compared
with those of three other existing methods. The results
show that our proposed method achieves an accuracy of
92.4%=1.1% and 93.5%=+1.1% in identifying the first and
second heart sound components, respectively, and is
superior to three other existing methods in terms of
accuracy or computational complexity.

I. INTRODUCTION

Cardiovascular disease is the leading cause of death
worldwide. An estimated 17.3 million people died from
heart related problems in 2008, representing 30% of all
global deaths [1]. Early detection of cardiovascular
diseases may enhance the efficacy of treatments. Due its
simplicity, non-invasiveness, and low-cost, cardiac
auscultation remains a primary - and often only - means
of cardiac examination available at basic health care
clinics. In cardiac auscultation, an examiner uses
a stethoscope to listen to the heart sounds generated by
rhythmic contractions of the heart. Heart sounds can
provide valuable information about the cardiovascular
system and functionality of heart valves [2]. A normal
heart cycle consists of two prominent audible
components, named the first (S1) and the second (S2)
heart sounds. The S1 (‘lub’) sound is produced when the
atrioventricular (AV) valves (tricuspid and mitral) are
shut to prevent back flow of blood from the ventricles to
the atria during contraction. The S2 (‘dub’) sound
occurs at the closure of semilunar (aortic and
pulmonary) valves. Thus, the time interval between S1
and S2 in a single heart cycle represents systole
(contraction) and the time interval between S2 and the
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next S1 represents diastole (relaxation). Figure 1
presents an example of heart sounds across the heart
cycle.
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Fig 1. An example of recorded heart sound signal with identified heart
cycle, and two major heart sound components (S1 and S2).

Accurate  manual auscultation (heart sound
interpretation)  requires  extensive  training and
experience. Therefore, the reliability of diagnosis is
dependent on the level of training or experience of the
clinician [3]. Automatic auscultation can address this
issue by allowing for an in-depth analysis of heart sounds
and identification of abnormal patterns such as
murmurs[3, 4]. Using a phonocardiograph (PCG), one
can automatically and quantitatively record even the sub
audible components of heart sounds, in turn enabling
clinicians to diagnose and treat a vast array of heart
problems that cannot be detected using a regular
stethoscope[5]. The first step in automatic cardiac
auscultation is heart sound segmentation by identifying
S1 and S2 components in each heart cycle[4]. Several
segmentation  techniques have been previously
developed. While some techniques use information from
an  additional  synchronized signal, such as
electrocardiogram (ECG) or carotid pulse, to enhance
the segmentation[6], others try to perform segmentation
by merely analyzing the PCG signal [7]. Most of these
techniques extract a smooth envelope of the signal using
wavelet transform [4] or Hilbert transform [3]to detect
the peak candidates, and then identify S1 and S2
components within each heart cycle by employing basic
physiological assumptions (e.g. systolic time interval is
shorter than diastolic time interval)[8]. Nonetheless,
accurate heart sound segmentation is still a challenging
task and requires further study, especially when the
recorded signal is noisy (contaminated by environmental
noises, artifacts, and pathological sources) or when the
heart rate (HR) is high[9]. Pediatric heart sound
segmentation can be particularly  challenging.
Abnormalities in ECG signals of children with
hypertrophic ventricles (caused by axis deviation of the
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heart) reduce the utility of ECG in heart sound
segmentation[10]. Moreover, acquiring additional
synchronized signals (e.g. ECG) has its own
inconveniences in children. It is also known that
respiration has significant influences on cardiac
assessment of children. With higher HR in children,
systolic and diastolic time intervals become very short,
resulting in erroneous heart sound segmentation. Given
the above reasons, pediatric heart sound segmentation
requires further study.

The current work investigates the application of
homomorphic filtering and Hidden Markov Model
(HMM) for the purpose of pediatric heart sound
segmentation. The efficacy of our proposed method is
evaluated on a publicly available dataset of recorded
pediatric heart sound signals and its performance is
compared with those of three other existing techniques.

II. METHOD

The proposed method consists of four major steps:
Preprocessing; homomorphic filtering; peak detection;
and peak identification using HMM. Figure 2 illustrates
a block diagram of various steps of this method. In the
following sections, we will describe each step in detail.
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Fig 2. A block diagram of the proposed method

A. Preprocessing

The recorded heart sound signals were first down
sampled to 4 KHz and normalized by dividing the signal
by its maximum absolute value. Given that the possible
frequency range for normal and abnormal heart sounds is
between 50 and 700 Hz, a linear phase low pass filter
(Chebyshev type I) with cut-off frequency of 75S0Hz was
applied to the data [8].

B. Homomorphic Filtering

Following preprocessing of the data, a homomorphic
filtering approach was taken to extract a smooth
envelogram[8, 11]. This approach leverages the fact that
the main heart sound components resemble amplitude

modulated (AM) waveforms (a(n)), while abnormal
heart sound patterns (murmurs) are similar to amplitude
and frequency modulated (FM) waveforms (f(n)).
Hence, by applying a logarithmic transformation to the
energy of the heart sound signal, the resulting spectrum
became a linear combination of a slowly varying AM
component and a fast varying FM component:

x(n) = a(n)- f(n) = logx(n) = loga(n)+ log f (n) (1)

Then, a linear phase low-pass filter (L) whose stop-
band attenuates the typical high frequencies of the FM
component (a Chebyshev filter with cut-off frequency of
20 Hz) was applied to extract the AM components:

L(log x(n)) = L(log a(n)) + L(log f(n)) = loga(n) (2)

Finally, a smooth energy envelogram was obtained by
calculating the exponential of the output of the low-pass
filter-viz. exp(loga(n)) = a(n). Figure 3 presents an
example of a PCG signal and its extracted energy
envelogram using homomorphic filtering.
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Fig 3. Result of homomorphic filtering: a) PCG signal; b) extracted
energy envelogram using homomorphic filtering.

C. Peak Detection

In order to detect SI and S2 peaks, the energy
envelogram was normalized (by removing its average
value) and zero crossed. Then the following two criteria
were applied for peak conditioning (determining a subset
of detected peak candidates which corresponds to the
true S1 and S2 peaks):

o All peaks with a width less than half of the average
width of detected peaks in a PCG signal were
considered spurious peaks and therefore were
rejected[8].

e Neighboring peaks with a space less than 150 ms
were considered as split heart sounds, and therefore
were combined into a single peak[9].

Finally, a symmetric window with time duration of
240 ms was centered at the location of each conditioned
peak, and the time of the maximum absolute value of the
signal within that window was determined to be the
location of the corresponding peak[11].

D. Peak Identification

Following peak detection, a one dimensional and two-
state continuous density HMM was applied to classify
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peaks as either S1 or S2. The two states of our HMM
represented the true S1 and S2 events, whereas the
observation of each state was the time interval between
the current peak and the following one, modeled using a
Gaussian distribution whose initial parameter values
(mean and covariance matrix) were chosen randomly
within some physiologically accepted range of systole
and diastole[12]. Given the fact that in general the
probability of transitioning from one peak to the same
type of peak in a heart cycle is low, the initial transition
matrix was chosen as a symmetric matrix whose diagonal
elements are random small numbers (less than 0.2). For
an unsupervised training of the employed HMM, model
parameter estimation was conducted solely based on
detected heart sound peaks with no accompanying
annotations[11]. For this purpose, the maximum
likelihood estimation of the HMM parameters were
obtained via the expectation maximization (EM)
algorithm. Finally, the Viterbi algorithm was employed
to compute the most probable sequence of states given
the model parameters and a sequence of observations.

III. PERFORMANCE ASSESSMENT

The performance of the proposed method was
evaluated using a 20-fold cross validation (100
realizations) on a publicly available dataset, Pascal
Challenge “Classifying Heart Sounds Challenge”
(Btraining normal Dataset)[13]. This dataset includes
phonocardiograms  of  pediatric  patients  with
corresponding S1 and S2 annotations. To further assess
the efficacy of the proposed method, we compared its
performance with those of three other existing methods:

e The Gupta method[8] relies on the assumption that
systolic periods are shorter than diastolic periods.
Hence, it employs a K-means clustering of extracted
time intervals between consecutive peaks to identify
S1 and S2 components.

e The Sepehri method[10], identifies S1 and S2 based
on the assumption that variance in diastolic periods is
greater than that of systolic periods in children.

e The Castro method[9], the most recently developed
technique for pediatric heart sound segmentation and
tested on the Pascal Challenge dataset, employs
wavelet transform to extract Shannon energy
envelogram of a PCG signal and detect the
corresponding peaks. Then, time and frequency
characteristic of heart sounds along with a HR
estimate is used to identify S1 and S2 components.

IV. RESULTS

Figure 4 presents the results of heart sound
segmentation on a sample phonocardiogram of the
employed dataset using the Gupta, Sepehri and our
proposed methods. We observe that while the other two

time-based methods fail to correctly identify heart
sounds, our proposed method is able to correctly
segment the entire PCG signal.
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Fig 4. Comparison of the results of heart sound segmentation on a
sample phonocardiogram using three different methods: a) clinician
annotation; b) Gupta method; ¢) Sepehri Method; d) proposed method.

Table 1 summarizes the results of peak identification
on 84 PCG records from the Pascal Challenge dataset[9]
using the Gupta, Sepehri and our proposed methods. We
observe that while the Gupta and Sepehri methods
achieve 81.4% and 83.3% accuracy in identification of
two primary heart sound components, respectively, our
method is 92.9%+1.1% accurate - outperforming the
other methods by at least 8%.

TABLE 1. Results of peak identification on Pascal Challenge dataset
using three different methods (Gupta, Sepehri, and our proposed
method). Rate of identification is expressed in percentage.

Gupta Method Sepehri Method Proposed Method
e . A Ave
#Annotated #ldentified Rate #ldentified Rate 41 d::?'g.l: d \Re::;ge
S1 639 516 80.8 528 82.6 591 92.4
S2 626 514 82.1 526 84.0 585 93.5
Total 1265 1030 81.4 1054 83.3 1176 92.9

To complete our study, we compared the performance
of the proposed method for pediatric heart sound
segmentation with the reported performance of another
technique (Castro method) recently developed and tested
on the same Pascal Challenge dataset. Figure 5 presents
the results of this comparison. We note that our
proposed method demonstrates a comparable (slightly
higher) accuracy in identification of S1 and S2 heart
sounds.
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o5l 93.5%:1.1% 92.9%21.1% -

92.4%+1.1% 93.3%
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Fig 5. Comparison of heart sound segmentation results of our proposed
method (mean + standard deviation of accuracy over 100 realizations)
and the Castro method using the same Pascal Challenge dataset.
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V. DISCUSSION AND CONCLUSION

Heart sound segmentation is the first step in detection
of heart pathologies through automatic cardiac
auscultation. Although several segmentation techniques
have been extensively explored before, only a few
studies have focused on segmentation of heart sound
signal in children. Pediatric heart sound segmentation
poses additional challenges due to children’s higher HR
and significant confounding influence of respiration on
auditory cardiac assessment.

The current work explored the application of
homomorphic filtering and an unsupervised HMM [11]
for pediatric heart sound segmentation. Evaluation of the
performance of our proposed method on a publicly
available dataset revealed an overall accuracy of
92.9%=+1.1% in identification of the two primary heart
sound components (S1 and S2). This performance was
superior to the existing Gupta and Sepehri methods. The
lower performances of these other methods could be
explained by the fact that their underlying assumptions
do not necessarily hold for children with higher HR. The
Gupta method relies on the assumption that systolic
periods are shorter than diastolic periods. The Sepehri
method assumes the variance in diastolic periods is
greater than that of systolic periods.

Comparison of our results with those reported for the
Castro method demonstrated that our proposed method
performs slightly better. Although the superiority of our
proposed method over the Castro method in terms of
accuracy of peak identification may not seem significant,
the lower computational complexity of the proposed
method could make it a better candidate for pediatric
heart sound segmentation. In order to correctly identify
S1 and S2 components in a recorded PCG signal, the
Castro method relies on the estimation of HR by
performing singular value decomposition on a matrix
whose rows are obtained by running a moving window
with varying size on the PCG signal. Although Castro et
al. have tried to employ a downsampled contour
envelope (by a factor of 10) to achieve a compromise
between computation time and HR estimation resolution,
the HR estimation is still time consuming and this may
hinder the applicability of the Castro method for real-
time heart sound segmentation. In fact, our calculations
revealed that the average computation time for HR
estimation of each PCG record in the Pascal Challenge
dataset (using a varying size window from 400 to 1700
ms with incremental size of 5 ms) was 5.45 s, while the
average computation time for peak identification of our
proposed method was less than 1 ms (using an Intel ®
core ™ CPU@ 1.9 GHz-2.4 GHz, 8GB RAM, 64 bit
OS). Therefore, the proposed method is more efficient
than the Castro method for pediatric heart sound
segmentation.

In conclusion, our application of homomorphic
filtering and HMM for pediatric heart sound
segmentation achieves an accuracy of 92.9%=+1.1% for
identification of the two primary heart sounds (S1 and
S2) and is superior to three other existing methods in
terms of accuracy or computational complexity.
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