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Abstract

Auscultation is a medical procedure that provides a general idea of heart and
lung behavior as the physician listens to the breath sound. Due to the fact
that the sounds from these organs overlap in time and frequency domains,
important affections in one of them could be discarded. For instance, the
objective of this work is to implement two different methods of cardiac and
pulmonary sound separation. First, we apply modulation filters to the time-
frequency representation of the original signal, recorded on the chest. Second,
we apply an iterative algorithm of wavelet decomposition and reconstruction
filters. Results show that they both separate signals appropriately. Taking
lung signals as noise, we determine that signal to noise (SNR) ratio is 10.21
for the first method and for 6.61 the second. Applications in telemedicine are
encourager since the bandwidth of the signal transmission could be reduced
by sending it separately.

---------- Keywords: Auscultation, cardiac sounds, pulmonary sounds,
modulation filters, wavelet filters

Resumen

La auscultacion es un procedimiento médico que proporciona una idea general
del comportamiento del corazon y los pulmones, a partir de los sonidos
producidos por estos dos o6rganos. Debido a que estos sonidos se sobreponen
en sus componentes de tiempo y frecuencia, afecciones importantes en uno
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de los o6rganos podrian no ser detectadas, dando lugar a un falso negativo. Por
lo tanto, el objetivo de este trabajo es implementar dos métodos diferentes
de separacion de sonidos cardiacos y pulmonares. Primero, se aplica filtros
de modulacion a la representacion en tiempo-frecuencia de la sefial original,
tomada sobre el pecho del paciente. Segundo, se aplica un algoritmo iterativo
con filtros wavelet de descomposicion y reconstruccion. Los resultados
muestran que ambos separan las sefiales correctamente. Tomando el sonido
pulmonar como ruido, se determina que la relacién sefial a ruido (SNR) es
10.21dB para el primer método y 6.61dB para el segundo. Aplicaciones en
telemedicina son interesantes al poder reducir el ancho de banda de la sefial
transmitida, enviando las dos sefiales por separado.

---------- Palabras clave: Auscultacion, sonidos cardiacos, sonidos
pulmonares, filtros de modulacion, filtros wavelet

Introduction

Auscultation is a primary procedure that
examines the thoracic and abdominal cavity
where it is possible to hear to the heart sounds
corresponding to the blood flux along the heart
valves (mitral, tricuspid, aortic and pulmonary),
and the lung sounds, corresponding to air flux
along the pulmonary conducts (trachea, bronchi
and alveoli) during inspiration and expiration
phases [1]. Nevertheless, heart and lung sounds
overlap in their time and frequency components,
which could hide different affections in one of
these organs. For this reason, the question of how
to separate heart and lung sounds, keeping the
integrity of both signals has motivated scientists
work in the last 3 decades.

The purpose of this work is to provide a system of
heart and lung sounds separation for telemedicine
store-and-forward applications (reducing the file
size and improving sound quality) to make an
easy remote auscultation. At present time we are
working also to extend the system to real time
applications using implanting faster algorithms
in systems-on-chips.

A first approximation to the problem is the use
of conventional filters, which filter heart signal
(20-150Hz) from breath signal. However some
components of pulmonary sound (25-1600Hz)
are included in that frequency band and are
incorrectly discarded from lung signal [2]. In order
to better separate the components that belong to
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heart and lung sounds, it has been proposed the
use of adaptive filters [3], whose coefficients are
fitted at each iteration depending on a reference
signal, commonly the ECG [3,4]. To avoid the
problem of synchronizing reference and signal,
coefficients are computed from the fourth order
statistics [5] or with the multi-resolution wavelet
transform [6-8]. Recent studies propose a
statistical method, the independent components
analysis (ICA) [9,10].

In this work, we show the implementation and
validation of two different separation methods.
We first implement a method based on modulation
frequency filters, applied over the short time
Fourier transform (STFT) representation of the
signal [11]. Secondly, we present a separation
algorithm based on discrete wavelet transform
(DWT) with a multi-resolution analysis, which
separates stationary component (lung sound)
from non-stationary component (heart sound) [6]
by a threshold applied to the coefficients of the
wavelet representation [8].

Materials

Methods are validated with signals from four
healthy subjects, two women and two men aged
from 20 to 40 years. We ask them to breathe
normally, to hold the respiration and to breathe
deeply during 10 seconds. For each case, one
sensor is located in the apex and another in the
second intercostals space, so that 24 segments



are analyzed. Data acquisition module (figure
1) records the signals using an omnidirectional
microphone. After that, sound is converted
into a digital voltage signal and acquired by

Breath

System of heart and lung sounds separation for store-and-forward telemedicine applications

an ADuC7020 microcontroller. We use 8-bit
resolution and sampling rate of 3500Hz, since
Nyquist frequency is 3200Hz. The software used
to acquire and process data is Matlab2008b.

i Heart
LS Micro- Serial Signal sound
phone ransmission separation Lung
sound
Figure 1 Data acquisition diagram. ADC: analog-digital converter
Methods d()=g,:()=e"g(t—u) 2

Two different methods are implemented and
validated over the recorded signals:

Modulation filters

Original signal is represented as a summation
of elementary functions well concentrated in
time and frequency domains, known as STFT.
In consequence, variations of “instantaneous”
frequency can be measured. The general
expression for STFT is defined by the equation 1:

S (,8) =< £,8,:(t)>= [ f(Dg(t—u)e™dt (1

Where each atom g, ¢(?) is constructed with a
window g translated « units in time and modulated
by the frequency ¢ as shown in equation 2:

For any value of the parameters (u, £), the window
must be normalized, |g, . " =1, so that the energy
of the signal segment concentrated around this
point can be measured with the spectrogram
P f(u,%) :|Sf (u,§)|2. Each element of this
matrix corresponds to the energy density of the
signal in the neighborhood of u and &.

Once the spectrogram is obtained, it is evident
that stationary components (lung sounds) have
less frequency variance than non-stationary
components (heart sounds). Consequently, when
band-pass and band reject modulation filters,
are applied to the spectrogram it is possible to
differentiate the components with more frequency
variations over the time, non-stationary and
the components with less frequency variation,
stationary (figure 2) [11].
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Figure 2 Diagram of modulation filters algorithm. STFT: short time Fourier transform; BPF: band-pass filter; BRF:
band-reject filter; ISTFT: inverse short time Fourier transform
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Wavelet filters

Wavelet transform also decomposes the signal in
time-frequency domain. But instead of complex
exponential atoms, the family of functions used
to represent the signals corresponds to dilated (s)
and translated (#) versions of a mother function
y of zero mean value and normalized. The
transform Wf (u,s) is defined by the equations 3
and 4:

1

_ r—u
v, )= \/EW[ . j 3)

W . 5) = Jf(t)%l/fff,s dt @

In order to minimize the number of scales we

use a multi-resolution approach and we select the
J

discreteset, s = {24 } ,thatformsanorthogonal

jeZ

basis family [12]. The new expression for the
discrete transform is defined by the equation 5:
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It is possible to create different levels of signal
decomposition according to the nature of j. If j is
negative, signal details are obtained, contrarily,
if j is positive, signal approximation is obtained.
Furthermore a decomposition—reconstruction
iterative algorithm is implemented so that, at each
iteration k, the coefficients are compared with a
statistical threshold —defined by the equation
6—proportional to the standard deviation of the
transform coefficients for each decomposition
level.

T,(k)=a*a,(k) ©)

Coefficients of magnitude under the threshold
represent non-stationary heart components and
those over the threshold represent stationary lung
components (figure 3) [6].

Heart
sound

IDWT
= Stop

crilerion

lung
sound

Figure 3 Diagram of the wavelet filters algorithm. LPF: low-pass filter; HPF: hig-pass filter; IDWT: inverse discrete

wavelet transform

Results

Modulation filters

Modulation filters separate heart and lung sounds
applying a band pass filter for heart signal, and
a band reject filter for lung signal over the time-
frequency representation. For the computation
of STFT we use a Hamming window of 512
samples, with overlap of 50%, in order to avoid
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border effects. Once spectrogram is obtained
(figure 4), for a fixed frequency the temporal
trajectory is filtered with Butterworth coefficients.
Furthermore, cardiac non-stationary signals
change its frequency content across the time, so
that they have bigger components in modulation
frequency domain. Contrarily, pulmonary
stationary signals have frequency components
more uniform over the time, corresponding to
lower components.
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Figure 4 Spectrogram of the original signal

Heart sounds are separated with a band pass filter =~ band reject filter at the same frequency range (figure
of 5-35Hz, while lung sounds are separated with a  5). SNR in average for all patients is 6.61dB.
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Figure 5 Result for modulation filters algorithm during normal respiration
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Wavelet filters

Wavelet filters separates cardiac and pulmonary
signals when a fixed threshold is applied to the
wavelet coefficients. An iterative decomposition-
reconstruction algorithm is implemented using
mother wavelet Daubechies-8. We realize that
5 iterations are enough to a correct separation.
Besides, decomposition is obtained by filtering
the signal at the fourth level, which means that,

one low-pass and four high-pass filters generate
one approximation and four detail levels,
respectively. Those coefficients that are above
the threshold belong to the cardiac signal, and
those below the threshold are reconstructed and
decomposed again, until the fifth iteration, when
the remaining signal belongs to the pulmonary
sound. For each level, the threshold is calculated
with an adjust factor of 150%15 (figure 6). Value
of SNR for all patients is 10.21dB.
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Figure 6 Result for wavelet filters algorithm during normal respiration

As the reconstructed signal (respiratory or
heart signal) contained less information—due
to the separation—better compression rates
could be achieved than if the original signal
were compressed without separation. For
example, after applying MPEG-1 Audio Layer
III compression (better known as MP3) to the
original and separated signals, a 30% increase
in the compression rate was achieved for the
separated signal.

Conclusions

The most difficult aspect in separating cardiac
and pulmonary sounds is the fact that time and
frequency components are overlapped, such
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that conventional filters are not convenient. For
this reason, we present two different advanced
methods of separation.

With modulation filters it is possible to analyze
the variations over each frequency component
over the time. The result largely depends on the
cut frequency for the modulation filters.

Wavelet filters also represent a good strategy of
separation. The threshold determines whether
signal components are stationary or not. In the
first case, wavelet coefficients have lower values
and components belong to the lung sound. In
the second case, coefficients are higher and they
belong to the heart sound.
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The results are convenient for store-and-
forward telemedicine applications, in which
real-time process hardware and high-bandwidth
communication channels are not required. Future
work includes hardware implementation of the
algorithms for real time telemedicine applications
with low-bandwidth communication channels.
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