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From a clinical point of view, the detection of wheezing presence in respiratory sounds is a challenging
task for early identification of pulmonary diseases since wheezing is the main manifestation associated to
airway obstruction. In this article, we propose a novel method to detect the presence or absence of
wheeze sounds in breath recordings in order to increase the reliability of the subjective diagnosis pro-
vided by the physician in the auscultation process. Specifically, it is assumed an unhealthy subject when
wheeze sounds can be detected during breathing. The proposed method consists of three stages. The first

Keywords: . . o stage attempts to estimate the spectral interval, band of interest (BOI), that shows the highest probability
Non-negative matrix factorization (NMF) . . . . .

Divergence to find wheeze sounds. In the second stage, a constrained tonal semi-supervised non-negative matrix fac-
Wheezing torization (NMF) approach is applied to obtain spectral patterns that models the periodic or tonal nature
Smoothness typically shown by wheeze sounds. The third stage analyzes the estimated wheezing spectrogram based

on the smoothness of the spectral trajectories from the most significant energy previously factorized in
the BOI. Our system has been evaluated and compared to other state-of-the-art methods, yielding com-
petitive results in the wheezing presence detection in respiratory sounds.

Monophonic constraint
Spectral trajectories

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

To this day, auscultation is still the main technique used in most
of the health centres in order to obtain the first clinical diagnosis of
the status of the respiratory system of the subjects. From a clinical
point of view, this technique shows several advantages since it is
non-invasive, low-cost, easy-to-perform and subject-friendly that
avoids long-time subjects monitoring [1]. The more important aus-
cultation diagnosis becomes in low-income countries, e.g. Sub-
Saharan Africa, due to weak health centres in which there are often
no more sophisticated and expensive diagnostic tools such as chest
radiographs. However, a correct diagnosis derived from ausculta-
tion depends largely on the experience and acoustic training of
the physician to interpret what is hearing because a conventional
stethoscope tends to attenuate or amplify sounds within the spec-
tral range in which wheeze sounds appear [2,3]. For this reason,
many research efforts are applied in biomedical signal processing
to develop a reliable method for the early wheezing occurrence
detection since it is associated with respiratory obstruction
observed in different pulmonary diseases such as asthma, chronic
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obstructive pulmonary disease (COPD) or even pneumonia, causing
narrowing and spasms in the small airways of lungs [4,5]. World
Health Organization (WHO) estimated 383,000 deaths due to
asthma and 1.4 million deaths of children under five years old
worldwide due to pneumonia during 2015 [6,7].

The sounds emitted during breathing are generally classified
into normal breath sounds and adventitious sounds (AS) such as
wheezing, crackles, pleural rubs and stridor. Normal breath sounds
(RS), emitted by healthy lungs, are characterized by a wideband
spectrum where most of the energy is concentrated in the fre-
quency band 60 Hz-1600 Hz [8]. Wheeze sounds (WS), emitted
by unhealthy lungs, are defined as continuous sinusoidal wave-
forms in time characterized by a dominant fundamental frequency
(pitch). As a result, WS show a set of narrowband spectral peaks
forming frequency lines over time (spectral trajectories) that
superimpose on RS in the frequency domain but there is still no
agreement on a single frequency and duration of wheezes in the
literature. This fact increases the rate of misdiagnosis because
the pitch of a wheeze can vary which implies that it can be located
in another range of the spectrum [9]. According to American Tho-
racic Society (ATS), WS are defined as a pitch higher than 400 Hz
whose duration is longer than 250 ms [10]. According to Comput-
erized Respiratory Sound Analysis (CORSA) guidelines, WS are
defined as a pitch higher than 100 Hz with duration longer than
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100 ms [11] as shown in the time-frequency representation of
Fig. 1A. This paper assumes the following facts: i) the term mixture
refers to any single-channel input signal which can be composed
only of RS (healthy subject) or RS mixed with WS (unhealthy sub-
ject); ii) the term RS indicates the no presence of any type of AS
(see Fig. 1B), as a result, RS is equivalent to non-wheeze sounds;
iii) the term WS indicates the presence of WS (see Fig. 1A); iv)
the minimum temporal duration for WS has been selected as
100 ms using the CORSA standard [2]; and finally, v) the pitch
range associated to wheezing is not fixed a priori since it will be
estimated from each mixture.

Several algorithms to detect the wheezing occurrence in respi-
ratory sounds have been published in the last decades using vari-
ous approaches: Autoregressive (AR) model [12], Auditory
modelling [13], Entropy [14], Linear analysis [15], Autocorrelation
[16], Neural networks (NN) [5,17], Wavelet transform [4], Instanta-
neous frequency (IF) analysis [18], Tonal index [19], Mel-frequency
cepstral coefficients (MFCC) [20,21], Gaussian Mixture Models
(GMM) [22,23], Image processing [24], Spectral peaks identifica-
tion [25,26], Hidden Markov model (HMM) [27], Empirical mode
decomposition (EMD) [3,28]and Non-negative matrix factorization
(NMF) [29].

In [4], it is reported a modeling for wheezing and normal breath
sounds in the wavelet packet domain using generalized gaussian
distributions. Kochetov et al. [17] proposed wheeze detection
using convolutional neural networks. Taplidou and Hadjileontiadis
[25] located wheezing based on a smoothing procedure that esti-
mates the trend of the frequency content at each time using mean
filtering. Wisniewski and Zielinski [19] combined feature extrac-
tion from MPEG-7 and MPEG-2 standards using support vector
machine (SVM). To discriminate wheeze and non-wheeze sounds,
Mazic et al. [20] developed a two-layer pattern recognition using
two SVM classifiers designed as a cascade stacked in parallel using
MEFCC features and thresholding. In [21], it applied a feature extrac-
tion based on MFCC and K-nearest neighbour (KNN) to classify dif-
ferent levels of asthma severity shown by wheeze sounds. Mendes
et al. [26] identified wheezing sounds using a temporal Gaussian
regularization and a reduction of the false positives based on the
morphological opening by reconstruction operator. Lozano et al.
[28] detected not only wheezing but any continuous adventitious
sounds (CAS) using EMD, features extracted from IF sequences
and SVM. Recently, our previous study [29] proposed a two-stage
cascade system for wheezing detection. In the first stage, a con-
strained NMF is designed integrating smoothness and sparseness
into the decomposition. In the second stage, the Kullback-Leibler
divergence is applied to discriminate between wheeze and non-
wheeze sounds frames.

The aim of the proposed method is to automatically detect the
presence of wheezing sounds in breath recordings avoiding the
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subject’s return to the health centre with a worsening of the airway
obstruction, manifested by wheeze sounds, that was not detected
early in the first clinical examination performed by auscultation.
Three novel contributions are proposed by authors. Unlike most
wheezing detection algorithms in which the pitch range of the
wheeze is set a priori, our first contribution, band of interest
(BOI), estimates the spectral range in which the probability to find
wheeze sounds is maximum. As a second contribution, we present
a constrained tonal semi-supervised NMF that factorizes into spec-
tral patterns that correctly model the tonal nature, by narrowband
peaks, shown by WS in the estimated BOI in order to separate WS
and RS. From the separated wheezing spectrogram, we propose an
intuitive method to classify the subject’s condition as healthy
(absence of wheezing) or unhealthy (presence of wheezing) ana-
lyzing the temporal smoothness of the spectral trajectories defined
by most significant energy factorized in the estimated BOI.

The rest of this paper is structured as follows. Section 1.1 briefly
reviews non-negative matrix factorization (NMF). The proposed
method is described in Section 2. Section 3 details and discusses
the experimental evaluation. Finally, Section 4 concludes the
paper.

1.1. Non-negative matrix factorization

Non-negative matrix factorization (NMF) [30] is a decomposi-
tion technique that has attracted a lot of efforts in different fields
of biomedical signal processing in the last years [31,32]because
NMF is a powerful tool to learn additive part-based spectrograms
of the most representative sources by imposing non-negative con-
straint. The aim of NMF can be defined as follows: given a single-
channel mixture x(t) with magnitude spectrogram X € RE*T with
non-negative entries, NMF approximates X into the product of
two non-negative matrices, basis matrix B € R™¥ and activation

matrix A € RT as shown in Eq. (1),

X~X=BA (1)

obtaining the estimated spectrogram X, the number of frequency
bins F, the number of time frames T and the number of components
K (K is usually chosen such that K(F + T) < FT in order to reduce the
data dimension). Therefore, B can be interpreted as a dictionary or a
set of spectral patterns that codes the frequency information asso-
ciated to the sources active in the spectrogram and A as a matrix of
activations that indicates the activity of each spectral basis in a
given time frame.

The NMF factorization is generally calculated by minimizing a

cost function D(X\X) that penalizes the error reconstruction

between X and X. Considering the most used cost functions such
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Fig. 1. Time-Frequency representation (spectrogram) of breathing recording. A) Spectrogram of a mixture (unhealthy subject) composed of three wheeze sounds (red
rectangles) and normal breath sounds. B) Spectrogram of a mixture (healthy subject) composed only of normal breath sounds. A darker grey colour represents higher energy

of each frequency.
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as Euclidean distance, the generalized Kullback-Leibler divergence,
the Itakura-Saito divergence and the Cauchy distribution [33,34],
in this paper, we have used the generalized Kullback-Liebler diver-

gence Dy (X|X) because it is non-increasing and ensures the non-

negativity of B and A using multiplicative update rules [30] and
moreover, recent previous works [29,31]have obtained competi-
tive results in biomedical signal processing,

N X, -
Dy (X|X> = Z <Xf,r log -t — X; + Xf,t) (2)
I Xse

The main disadvantage of the NMF factorization is its inability
to reconstruct each isolated source because NMF only ensures
the reconstruction of the whole mixture but it does not guarantee
parts-based objects with physical interpretation as occurs in real
world [35]. In order to find an optimal NMF factorization, some
of the most widely used solutions in audio processing to add phys-
ical meaning to the NMF bases and activations are the following: i)
adding prior information of the sources into the NMF decomposi-
tion using additional constraints [36] and ii) train or characterize
spectral patterns of target sounds to be separated [37].

2. Materials and methods

Our proposal attempts to classify the subject’s condition, that is,
healthy or unhealthy. We assume as a healthy subject that subject
in which the absence of wheezing sounds has been detected. We
assume as an unhealthy subject that subject in which the presence
of wheezing sounds has been detected. For this purpose, the pro-
posed method (see Fig. 2) is composed of three stages: Estimation
of the Spectral Band Of Interest (Stage I), Wheezing/Normal breath
Sound Separation (Stage II) and Wheezing presence/absence classi-
fication (Stage III).

2.1. Mixing model and time-frequency representation

As previously mentioned in Section 1, the term mixture x(t)
refers to any single-channel input signal: i) x(t) = r(t) only com-
posed of RS signal r(t), that is, a healthy subject; or ii)
x(t) =r(t) + s(t) composed of RS signal r(t) mixed in an approxi-
mately linear manner with WS signal s(t), that is, an unhealthy
subject.

The magnitude spectrogram X of a mixture x(t) is composed of T
frames, F frequency bins and a set of time-frequency units X;,
being f =1,...,F and t = 1,...,T. Each unit X;, is defined by the
f™ frequency bin at the t* frame and is calculated from the magni-
tude of the Short-Time Fourier Transform (STFT) using a Hamming
windows of N samples with 25% overlap. A normalization is
applied to X in order to be independent of the size and scale where
the normalized magnitude spectrogram X is computed as follows,

X=

X
—— 3
S 3)

Lo

To avoid complex nomenclature throughout the paper, the vari-
able X is hereinafter referred to the normalized magnitude spectro-
gram previously computed in Eq. (3).

2.2. Stage I: estimation of the spectral band of interest

The goal of this stage is to estimate the spectral interval, defined
as band of interest (BOI), in which the probability to find wheeze
sounds is maximum. The estimation of BOI is performed by mod-
elling the tonal nature shown by wheeze sounds in time-frequency
domain (e.g., it can be observed that BOI is delimited between 150-
300 Hz in the magnitude spectrogram of an unhealthy subject
shown in Fig. 1A).

We propose a method combining NMF and the periodicity prin-
ciple to estimate the BOI assuming that a wheeze sound exhibits a
strongly periodic or tonal nature characterized by the presence of
narrowband spectral peaks. In order to estimate BOI, this stage
can be divided into three steps that are detailed below.

2.2.1. Step I: factorization of the basis matrix applying NMF
The first step attempts to estimate the basis B and activations A
matrix minimizing the reconstruction error defined by the cost

function Dy, <X|X) (see Eq. (2)). Finally, the matrices B and A are

obtained by applying a gradient descent algorithm based on mul-
tiplicative update rules [33].

2.2.2. Step II: clustering of bases based on the tonality principle

Here, the goal is to cluster the NMF bases B obtained in Step I
into two groups: (i) NMF bases that show higher periodicity By
(see Fig. 3A depicting bases that model the tonal nature typically
shown by WS); and (ii) NMF bases that show lower periodicity
B: (see Fig. 3B representing bases that model the non-tonal nature
shown by RS). The higher periodicity tends to concentrate the
energy of the NMF bases in narrowband spectral peaks (see
Fig. 3C) while the lower periodicity distributes such energy in
wideband spectrum (see Fig. 3D). Therefore, we assume that tonal-
ity or periodicity implies a spectrum that shows a sparse distribu-
tion of energy.

Although a preliminary study related to several sparse descrip-
tors [38] has been analyzed in this work, empirical results indi-
cated that the sparse descriptor Gini index B provided the best
classification results of the NMF bases in terms of the degree of
periodicity. Besides, these results are supported by recent works
[38,39]that have demonstrated the reliability and robustness
shown by B to correctly cluster between sparse and non-sparse
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Fig. 2. Block-scheme of the proposed method.
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Fig. 3. Example of the NMF bases (K = 80 bases) classification between WS and RS considering the magnitude spectrogram belonging to the unhealthy subject shown in
Fig. 1A. A) The matrix By is composed of the forty NMF bases with highest spectral tonality (narrowband spectral peaks). B) The matrix By is composed of the forty NMF bases
with lowest spectral tonality behavior (wideband). C) The spectral energy distribution (sparse) associated to the most tonal NMF basis, specifically, By (26) (red rectangle
displayed in Fig. 3A). D) The spectral energy distribution (non-sparse) of the least tonal NMF basis, specifically, Bz(16) (red rectangle displayed in Fig. 3B).

distributions. Therefore, we propose to apply the Gini index (k) to

calculate the degree of tonality or periodicity for each k™ NMF
basis of the dictionary B. High values of g(k) imply high periodic
nature and vice versa. In addition, a remarkable advantage of
B(k) is that it is a normalized descriptor whose values are ranged
between 0 and 1 for each NMF basis.

According to each value of (k), By and By are obtained apply-
ing a thresholding process. The aim of this thresholding is not to
achieve the optimal separation between WS and RS since it will
be obtained in Section 2.3 as shown in Fig. 6. Specifically, this
thresholding attempts to locate the BOI identifying two sets of
NMF bases, By and Bg, that show different periodic behavior. For
this purpose, we propose to apply a threshold ¢, equal to the med-
ian of the sparse values provided by the sparse descriptor (k) for
the following two reasons: (i) the median is both a robust thresh-
old against the dispersion of periodicity values and resistant to
gross periodicity error by avoiding the problem generated by out-
liers [40,41]; and (ii) the median achieves to cluster uniformly
between two groups, providing half of the NMF bases for both
groups By and By (see Eq. (4)). This allows to factorize a reliable
set of NMF bases By, to locate the BOI in which the probability to
find WS is maximum due to the factorization of NMF bases with
higher periodicity.

B(k) € By
B(k) € By

if pk) = Lm

if Bk) < Lo @

B(k) — {
where k =1,...K.

Next, the estimated wheezing spectrogram Xy used to locate
the BOI can be reconstructed as follows,

Xw = ByAw ()

where the wheezing activations matrix Ay has been factorized
using the same set of components clustered in By.

2.2.3. Step III: using energy distortion to select the spectral BOI

From the estimated wheezing spectrogram Xy, the third step
selects the spectral range BOI in which the probability of finding
wheeze sounds is maximum. As a result, BOI shows the least spec-
tral energy loss when comparing X, and X since X, roughly mod-
els most of the wheeze sounds from the input spectrogram X. To

calculate BOI, we propose to use the information provided by the
spectral energy distortion J(f) (see Eq. (6)) measuring the degree
of similarity v(f) for each frequency bin along all frames between
X and Xy, as shown in Eq. (7). A high value of v(f,) indicates that
the frequency f; exhibits a high tonal content as typically shown
by WS because f; shows low attenuation in the spectral energy dis-
tortion. A low value of v(f;) indicates that the frequency f; exhibits
a low tonal content as shown by RS because f; shows high attenu-
ation in the spectral energy distortion.

..F (7)

Following a conservative strategy to ensure that all wheeze
sounds are contained in the BOI, we propose to find the most
prominent peak located in v(f). Note that the prominence of a peak
is defined as the minimum vertical distance that the signal must
descend on either side of the peak before either climbing back to
a level higher than the peak or reaching an endpoint [42]. As
shown in Eq. (8), the boundaries (f,,;,,fmax) Of the BOI can be calcu-
lated in terms of the width A of the mainlobe related to the most
prominent peak previously mentioned. A preliminary analysis
indicated that the use of an additional margin # = 50 Hz from
the mainlobe of the most prominent peak achieved the best perfor-
mance to contain most of the wheeze sounds determined by the
estimated BOI.

BOI = [fmin _fmax] fmin = mm(A) -n fmax = max(A) +n (8)

where f,;, and f,, represent the minimum and maximum fre-
quency that defines the spectral interval of the BOI. Fig. 4 shows
an example of the procedure described in this step when the mag-
nitude spectrogram corresponds to the unhealthy subject shown in
Fig. 1A.
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Fig. 4. BOI estimation when the magnitude spectrogram corresponds to the unhealthy subject shown in Fig. 1A. A) Spectral energy of X and X,y. B) Degree of similarity v(f)
and location of the most prominent peak in terms of A. C) Magnitude spectrogram shown in Fig. 1A including the frequency range limited by A and BOI.

2.3. Stage II: wheezing/normal breath sound separation

The main contribution of this stage is the development of a
Wheezing/Normal breath sound separation based on a constrained
tonal semi-supervised NMF approach using redundant information
from the BOI obtained in the previous stage I. To that end, an objec-
tive function is defined to decompose a mixture spectrogram X
into two separated or estimated spectrograms, XR, (only normal

breath sounds spectrogram) and XW, (only wheeze sounds spectro-
gram). The factorization model can be defined as follows,

X~ X[ = XR; + XW, = BR]diag(DR)AR, + Bwldlag(Dw)Awl (9)

where Bg,,Bw,,Ag, and Aw, are the estimated basis and activation
matrices of the normal breath sounds and the wheeze sounds and
X; is the estimated magnitude spectrogram estimated at this stage.
All of these matrices are non-negative matrices. The number of
wheezing and normal breath sounds components is the same and
is denoted by Q. The [?-norm of each column of Bg, or By, is equal
to 1.0. The terms Di and Dy represent vectors with the [?-norm of
each activation component of wheezing and normal breathing,
respectively. Therefore, the L*-norm of each row of Ag, or Aw, be
equal to 1.0 due to the normalization procedure at each iteration.
The diag() operator is the diagonal matrix.

To refine and improve the estimated wheezing spectrogram Xy
of the stage I, this stage attempts to model the spectral periodic or
tonal behavior typically shown by wheeze sounds. We propose to
use a constrained tonal semi-supervised NMF approach described
below.

2.3.1. A tonal semi-supervised NMF

The tonal semi-supervised NMF is defined as a semi-supervised
NMF in which the target source (wheezing) is learned in advanced
modelling the spectral tonal or periodic behavior typically shown
by WS. The tonal or periodic behavior is modelled using the matrix
Bw, that is composed of a set of simulated pitches (narrowband
peaks) that model all possible tonal sounds active in the estimated
BOL As a result, each g basis of the dictionary Bw, represents a
single pitch located at a specific frequency f, within the BOL In
order to cover all the pitches that can be found in the BOI, each fre-
quency f, is separated from each other by a value given by the fre-
quency resolution T = 4 Hz used throughout the model as follows,

BWI(q) = G(f_fq)ﬂ fq € [fmin : T :fmax]

where G(f) is the STFT of a sinusoidal signal multiplied by a Ham-
ming window of N samples, f, is the fundamental frequency of the

pitch for the g™ NMF basis related to the dictionary Bw, and the

(10)

number of components Q = P“%fmw is obtained in terms of the
spectral resolution 7 and the BOI (see Fig. 5).

2.3.2. Adding monophonic constraint

We propose to incorporate temporal monophonic constraint
Q(Aw,) [43] to the wheezing activation matrix Aw, in order to min-
imize the number of wheezing bases By, that can be simultane-
ously activated at each frame. This constraint forces to factorize a
more reliable wheezing spectrogram as in typically found in the
real-world. Specifically, this constraint Q(Ay,) is computed taking

into account the cross-correlations AWIA,TN[ detailed in Eq. (11),

Q1
Q(Aw,) = ﬁ > > AwAy, — Trace (AW,ACV]>

q=1 t=1

(11)

where the Trace operator computes the sum of diagonal elements of

a square matrix. To equilibrate the importance of the monophonic

constraint in the decomposition process, Q(Aw,) is weighted by a
1

factor of 55— Consequently, the cost Q(Aw,) will be equal to 1.0

in the worst case.
The global objective function D(X|X,) that must be minimized

taking into account the signal reconstruction, based on the
Kullback-Leibler divergence, and the temporal monophonic con-
straint is detailed as follows,
D(XIX/) = Dic (XIXi) + 2(Aw,) (12)
where / defines the weight of the temporal monophonic constraint
Q(Aw,) applied to only estimated wheezing activations matrix Aw,.

The estimated wheezing activation matrix Aw, (see Eq. (13)),
the estimated normal breath basis matrix Bg, (see Eq. (14)) and
the estimated normal breath activation matrix Ag, (see Eq. (15))
can be obtained by applying a gradient descent algorithm based
on multiplicative update rules. The estimated wheezing basis
matrix Bw, is fixed and not updated because it has been modeled
based on the tonal nature of WS.
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Aw, — Aw, © (Bu diag(Dw))" (XoXi) + 2% Aw (13)
! ' (Bw,diag(Dw)) 157 + 2/q01 laoAw,
(XeX,) (diag(De)Ar,)"
Bgr, — Bg, © ] T (14)
151 (diag(Dg)Ag,)
(Bx,diag (D))" (XX,
Ag, — Ag, ; T (15)
(Bg,diag(Dg)) 11

where © is the element-wise multiplication, @ is the element-wise
division, 1¢r represents a matrix of all-ones composed of F rows
and T columns and 7 is the transpose operator.

The set of matrices are obtained updating the rules until the
algorithm converges or reaches a maximum number of iterations
M. Note that the activation matrices Aw,, Ag, and the basis matrix
Bg, must be normalized at each iteration. In particular, the normal-
ization process (see Eq. (16)) ensures that the sum of the square
elements of each ¢ column of the basis matrices Bw,, B, equals
1.0, as does the sum of the square elements of each g™ row of
the activation matrices Aw,, Ag, [43].

Glg) =—— 2 (16)

Dy(q) = Dy(@)y/>_ G*(q) (17)

where (G,]) = {(Aw,, W), (Ag,, R), (Bg,, R)} respectively. If we consider
the activation matrix G = (Aw,.Ag,). /Y 6() = /X1, G(q.0). If

Algorithm1 Wheezing/Normal breath sound separation
procedure

Require: The input magnitude spectrogram X and its
estimated BOI.
1 Create the dictionary Bw, using Eq. (10).
2 Initialize Aw,,Bg, and Ag, with random non-negative
values.
3 Update Aw, using Eq. (13).
4 Normalize the activation matrix Aw, to obtain a L>-norm
of each row of the matrix equal to 1.0 using Eq. (16).
5 Update diag(Dy ) with the values that were used to
normalize each row of the activation matrix Aw, using Eq.
(17).
6 Update Bg, using Eq. (14).
7 Normalize the basis matrix B, to obtain a L2-norm of each
column of the matrix equal to 1.0 using Eq. (16).
8 Update diag(Dg) with the values that were used to
normalize each column of the basis matrix Bg, using Eq.
(17).
9 Update Ag, using Eq. (15).
10 Normalize the activation matrix Ag, to obtain a [?-norm
of each row of the matrix equal to 1.0 using Eq. (16).
11 Update diag(Dg) with the values that were used to
normalize each row of the activation matrix Ag, using Eq.
(17).
12 Repeat steps 3-11 until the algorithm converges (or until
the maximum number of iterations M is reached).
13 Compute magnitude estimated spectrograms XR, and
Xy, using Eq. (18).

return Xy,

we consider the basis matrix G = Bg,, \/Z G’(q) = \/ZJ‘;]GZ(L q).

Next, the estimated magnitude spectrograms XR, and XW, (see Eq.
(18)) can be obtained from the estimated basis and activation
matrices. In this work, we focus only on the estimated wheezing

spectrogram XW, to differentiate healthy and unhealthy subjects.
The separation procedure is summarized in Algorithm1.

X]: = Bll diag (D])AJI (18)

where J = (W or R) as occurs in Eq. (17).

Fig. 6 shows a comparison between the estimated wheezing
spectrograms Xy (stage 1) and XW, (stage II). It can be seen that

XW, is able to more reliably represent the spectral trajectories
formed only by the energy of the wheeze sounds, almost com-
pletely eliminating the normal respiratory sounds compared to

Xw. The facts that motivate this promising improvement shown
by XW, are due to: (i) the modeling of WS using information from
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Fig. 6. The estimated wheezing spectrograms related to the unhealthy subject previously shown in Fig. 1A. A) Xy from stage 1. B) XW, from stage II

Bw, and BOI; (ii) the integration of the monophonic constraint into
the tonal semi-supervised NMF approach that more accurately
models the spectral trajectories generated by WS as they occur in
the real world.

2.4. Stage IlI: wheezing presence/absence classification

As previously mentioned, WS can be considered pitched
sounds that display spectral trajectories over time. The main
goal of this stage is to define the subject’s condition, that is,
healthy or unhealthy motivated by the presence or absence of
WS. For that purpose, we intend to take advantage of the tempo-
ral smoothness information extracted from the most significant
spectral peaks forming the previous trajectories factorized in

the estimated wheezing spectrogram Xw,- The authors assume
that the smoothness modelled by spectral trajectories from WS

found in Xw, is smoother compared to RS. The reason is because
the spectral trajectories from WS tend to show an organized
structure in the time-frequency domain (see Fig. 7A) but the
spectral peaks that compose the spectral trajectories from RS
tend to be randomly distributed in the time-frequency domain
without showing any organized structure due to the noisy nat-
ure shown by RS (see Fig. 7B). Next, this stage is detailed which
is divided into two steps.

2.4.1. Step I: determining the optimal candidate for wheezing temporal
interval

The proposed method is developed to analyze any mixture sig-
nal x(t) independently of its temporal length. As a consequence to
minimize its computational cost, it is only analyzed the optimal
candidate OCW for wheezing temporal interval in which the prob-
ability of finding wheezing content is maximum. Considering all
WS detected in XW,, OCW can be defined as the wheezing that
shows the longest duration and the highest energy, with the time
duration being more of a priority than energy. In the event that
several candidates CW for wheezing intervals have the same tem-
poral duration, the one with the highest energy is chosen as OCW.
For this purpose, the spectral energy ¢&(t) from XW, is calculated
frame-by-frame as follows,

F
é(t):ZXW,“,tzl...T (19)
f=1

A threshold process is used to define all CW detected in XW, that
contain most of the spectral energy. Specifically, the thresholding
{; is based on the Otsu algorithm [44] since it allows to differenti-
ates two groups in a histogram, in this case, intervals candidate for
wheezing (CW) and intervals not candidates for wheezing. Next,
the candidate CW with the longest duration will be selected as
OCW. Once OCW has been chosen, the estimated wheezing spec-
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Fig. 7. Comparison between the estimated wheezing spectrograms XW[. A) XW, related to the unhealthy subject shown in Fig. 1A. B) XW, related to the healthy subject shown

in Fig. 1B.



8 J. Torre-Cruz et al./ Applied Acoustics 161 (2020) 107188

A B
1.2 T L 1000 F T
s 1.107; 75(1) 0.817s — o0l
- )
08r ?W §
—_—— & 600
06 t e
] L
04r g e
- 200 - ———— ]
0 . . . . .
5.8 6 6.2 6.4 6.6 6.8
Time(s)
D
1000 F— T T T T T T 7
< 800
<
& 600
e
§
o 400 ——
8 ===
w zoof ”””””””””””””””””””””””
0 . . . . . . .
0 2 4 8 10 12 14 1.2 11.4 11.6 11.8 12 122 12.4 12.6
Time(s) Time(s)

Fig. 8. Estimation of the candidate intervals CW, from the spectrogram XW,, that compete to be the optimal candidate interval OCW. A) CW obtained in the unhealthy subject
previously shown in Fig. 1A. B) The spectrogram Y related to the OCW chosen from Fig. 8A that shows the highest probability to contain WS. It can be observed that OCW is
located in the time interval [5.67s-6.81s]. C) CW obtained in the healthy subject previously shown in Fig. 1B. D) The spectrogram Y related to the OCW chosen from Fig. 8C
that shows the highest probability to contain WS. It can be observed that OCW is located in the time interval [11.09s-12.61s]. Note that £(t) has been normalized to adjust the
values between 0 and 1. Both Fig. 8B and Fig. 8D, the red dotted lines display the BOI spectral boundaries associated to each selected interval. Specifically, BOI = [118 Hz-

280 Hz] for Fig. 8B and BOI = [242 Hz-490 Hz] associated to Fig. 8D.

trogram Xy, will be limited by the temporal boundaries belonging
to OCW in the time domain and the frequency limits belonging to
BOI in the frequency domain to locate the portion Y of the esti-

mated wheezing spectrogram XW, where the probability of finding
wheezing spectral trajectories is maximum (see Fig. 8).

2.4.2. Step 1I: smoothness related to the spectral trajectories contained
in OCW

To measure the regularity of each spectral trajectory in the
time-frequency domain, we propose to determine the spectral
smoothness from the set of the most significant spectral peaks
detected frame-by-frame. Specifically, the spectral smoothness is
obtained calculating the degree of fluctuation g; of each spectral
trajectory i normalized by the estimated BOI as follows,

4

Z (Si,z - Si.z+1 )2
z=1
BOI

where Z represents the number of frames belonging to the spectro-
gram Y and S is the frequency of the peaks that describe the spectral
trajectory i along frames. Empirical results report that the metric ¢
increases proportionally as the spectral trajectory is more irregular
or less smooth. Otherwise, the metric ¢ decreases proportionally as
the spectral trajectory is more regular or smoother in the time-
frequency domain. Due to WS are characterized as pitched sounds,
we assume that each wheeze sound can be composed by more than
one frequency (harmonicity), specifically, by a maximum number of
three spectral peaks [45] at each frame: S; (lowest frequency), S,
(intermediate frequency) and S; (highest frequency). In order to
include the harmonic nature of the WS in the proposed method,
we propose to measure the smoothness of each spectral trajectory
by means of the set of spectral peaks S;,S, and S; as follows,

0=

(20)

Oc =01+ 03+ 03 (21)

where 1,0, and o3 denote the degree of fluctuation of each spec-
tral trajectory formed by the previous set of spectral peaks S;, S, and
S; that have been detected at each frame. When only a single peak is
detected in a frame, we assume that this peak refers to the peak of
the lowest frequency S; since it is common that WS concentrate
most of the energy in the peak that show the minimum frequency
in a multipitch structure. As a consequence, only frames with two
and three spectral peaks detected will be considered for the calcu-

lation of ¢, and a3, respectively. Fig. 9 shows the spectral trajecto-
ries related to the unhealthy and healthy subject in Fig. 1. In the
case of the unhealthy subject (see Fig. 9A), only a single trajectory
was detected composed of the spectral peaks S, typically found
in WS, Besides, it is demonstrated that the continuity of the wheez-
ing trajectories display high smoothness. However, in the case of
the healthy subject (see Fig. 9B), three spectral trajectories moti-
vated by the set of peaks of type S;, S, and S3 were found. It confirms
that RS exhibit a high irregularity or discontinuity in time-fre-
quency domain, in other words, a low smoothness because RS tend
to locate randomly the peaks in the spectral domain due to the
noisy nature of RS.

Our empirical analysis, reported the following facts: (i) the
spectral trajectories in the case of unhealthy subjects are distin-
guished by the continuous nature of WS and the value of g5 < 1;
(ii) the spectral trajectories in the case of healthy subjects are dis-
tinguished by the noisy nature of RS and the value of 65 > 1. For
this reason, we set the threshold {, = 1 in order to determine the
subject’s condition as follows,

unhealthy
healthy

if o6 <y

22
if a¢ > &, 22)

subject’s condition = {

In the case of WS compose by more than one spectral peak, the
value of the metric o is still significantly low compared to those
ones provided by RS. This is because the spectral trajectories orig-
inated by the peaks S;,S, and S; tend to show an organized struc-
ture in the time-frequency domain, i.e. each spectral trajectory
will be smooth and continuous due to its wheezing nature and as
a consequence, the general metric o will be the sum of 3 small
values (01,0, and 73).

3. Results and discussion
3.1. Datasets

To evaluate the classification performance of the proposed
method, six databases P1, T1, T2H, T2M, T2L and T3 have been used
which are detailed in Table 1. In total, these databases provide
4107 s of recording, 114 healthy subjects, 94 unhealthy subjects,
2168 respiratory events (a respiratory event is defined as an inspi-
ration or expiration) and 219 wheezes. Databases P1, T1, T2H, T2M
and T2L have been created by collecting a lot of recordings of
different subjects of the most widely used Internet pulmonary
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Fig. 9. Spectral trajectories defined by the spectral peaks S;,S,,Ss;. A) The spectral trajectory (o¢ = 0.45), related to the unhealthy subject shown in Fig. 8B, that is composed
by a single spectral peak S;. B) The spectral trajectory (o¢ = 98.5), related to the healthy subject shown in Fig. 8D, that is composed by three types of spectral peaks S;,S, and
Ss. Although o in Fig. 9B is significantly higher compared to ¢; in Fig. 9A, highlight that each smoothness o1, g, or 63 measured in Fig. 9B is significantly higher compared to

the smoothness o; measured in Fig. 9A.

Table 1

Characteristics of each database.
ID1 ID2 ID3 D4 ID5 ID6 ID7 ID8 ID9 ID10
P1 96 48/48 5-24 1442 [0-9] [4-16] 784 [1-8] 92
T1 48 48/0 8-49 1051 - [6-30] 500 - 0
T2H 16 0/16 7-22 251 5 [6-14] 126 [1-5] 41
T2M 16 0/16 7-22 251 0 [6-14] 126 [1-5] 41
T2L 16 0/16 7-22 251 -5 [6-14] 126 [1-5] 41
T3 48 18/30 4-65 861 2-8] [4-20] 506 [3-11] 86

ID1: identifier; ID2: number of recordings; ID3: number of recordings captured from healthy/unhealthy subjects; ID4: the shortest and longest duration, in seconds, captured
from recordings; ID5: total duration in seconds; ID6: the lowest and highest SNR, in dB, between WS and RS; ID7: the minimum and maximum number of respiratory events
found in the recordings; ID8: the total number of respiratory events; ID9: the minimum and maximum number of wheezes found in the recordings; ID10: the total number of
wheezes. The fifth column from T1 does not show SNR because it is only composed of healthy subjects. Analogously, the eighth column from T1 does not show the minimum
and maximum number of wheezes found because it does not contain wheeze sounds.

repositories [46-58]. The databases collected consisted of sounds
captured from the trachea, anterior, and posterior chest; using
either a stethoscope or microphone. These were collected from
subjects with different pathologies, including asthma, bronchitis,
COPD, and croup. Indicate that the age was not considered as a sig-
nificant variable because the variations caused by age difference in
automatic auscultation is too small to be clinically relevant [59].
Database T3 has been directly shared by authors [27].

Using the visual inspection of spectrograms, datasets P1, T2H,
T2M and T2L have been created mixing only WS recordings manu-
ally separated (by means of a time-frequency mask applied to the
mixture spectrogram to select only the bins of each frame corre-
sponding to wheezing) and only RS recordings (in which wheezing
is inactive) obtained from [46-58]. The datasets T2H (SNR = 5 dB),
T2M (SNR = 0 dB) and T2L (SNR=-5 dB) represent the same dataset
T2 but each of them uses a different signal-to-noise ratio (SNR)
between WS and RS. After each manual separation for each dataset
recording, the power related to WS and RS are calculated and the
signal with the highest power is left fixed while the signal with
the lowest power is scaled to obtain the desired SNR in order to
avoid audio saturation or distortion in the signal scaling process.
However, datasets P1 and T3 preserve the original SNR. More
details of dataset T3 can be found in [27].

The previous databases have been evaluated with the following
purpose:

e Optimization. P1 optimizes the training of the state-of-the-art
methods.

e Testing. T1 assesses the robustness of the proposed method in
correctly diagnosing healthy subject.

e Testing. T2H, T2M and T2L assess the robustness of the pro-
posed method when WS are masked by RS.

e Testing. T3 assesses the wheezing detection performance of the
proposed method in real medical scenario to decide whether
the diagnosis of subject is healthy or unhealthy.

In order to validate the results, it should be noted that each file
in one of the following databases P1, T1, T2 and T3 has only been
used in that database and has not been used again in the rest of
the remaining databases (e.g., P1 is not a part of the rest of datasets
T1, T2 and T3).

3.2. Experimental setup

A preliminary study show that the following parameters pro-
vide the best trade-off between the classification performance
and the computational cost: sampling rate f; = 2048 Hz, Hamming
window with N = 256 samples length and 25% overlap (temporal
resolution of 31.3 ms), a discrete Fourier transform using 2N points
(frequency resolution of 4 Hz). Furthermore, the convergence of
the NMF approaches was empirically achieved after 90 iterations
for all signals, so M = 90 iterations has been selected. Moreover,
a number of components K =80 have been used in the NMF
approach of the stage I. Finally the optimal weight of the temporal
monophonic constraint is 2 = 0.05.

3.3. State-of-the-art methods for comparison

Three recent state-of-the-art wheezing detection methods have
been used to evaluate the performance of the proposed method:
TSVM [20], MKNN [21] and EEMD [28]. The state-of-the-art meth-
ods have been implemented strictly following the instructions
shown in their respective references. MKNN, TSVM and EEMD
are supervised approaches using the database P1 for the training



10

of each of them. However, the proposed method does not use any
training due to unsupervised approach. In this work, the subject
will be diagnosed as unhealthy when MKNN or TSVM locates a
wheezing temporal interval >100 ms. Moreover, EEMD has been
implemented without limiting the duration of the input mixture.

3.4. Evaluation metrics

The ability to discriminate between healthy and unhealthy sub-
jects has been evaluated by means of five metrics commonly used
in the field of wheezing detection [27-29,60]: i) Sensitivity (SE),
the ability to correctly classify a subject as unhealthy analyzing
only the recordings corresponding to unhealthy subjects; ii) Speci-
ficity (SP), the ability to correctly classify a subject as healthy ana-
lyzing only the recordings corresponding to healthy subjects; iii)
Positive Predictive Value (PPV), the probability that a subject clas-
sified as unhealthy truly has the disease derived from wheezing
sounds. Here, recordings of both unhealthy and healthy subjects
are analyzed; iv) Negative Predictive Value (NPV), the probability
that a subject classified as healthy truly does not have the disease
derived from wheezing sounds. Here, recordings of both unhealthy
and healthy subjects are analyzed; and v) Accuracy (ACC), the abil-
ity to correctly classify a subject as healthy or unhealthy.

P

SE= PEEN (23)

P = TNT—fFP (24)
PPV = TPT—fFP (25)
NPV = % (26)
ACC = (TP +(;II>) j— ;II\\JI)-I- N) @7)

In these equations, TP (True Positive) represent the number of
unhealthy subjects correctly diagnosed, TN (True Negative) repre-
sent the number of healthy subjects correctly diagnosed, FP (False
Positive) represent the number of healthy subjects misdiagnosed
as unhealthy subjects, and FN (False Negative) represent the num-
ber of unhealthy subjects misdiagnosed as healthy subjects.

A
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3.5. Results

In order to assess the performance of the proposed method
together with the state-of-the-art methods with respect to the
temporal length of the input mixture x(t), we propose to evaluate
using three levels of analysis: breathing mixture (first level), respi-
ratory cycle (second level) and respiratory stage (third level). Each
next level of analysis is composed of a greater number of audio
segments from the input mixture being each segment of shorter
duration:

e First level: breathing mixture. The entire input mixture x(t) is
analyzed at once (see Fig. 10A). The subject will be diagnosed
as unhealthy when at least one wheezing is detected anywhere
on the input mixture.

Second level: respiratory cycle. Each respiratory cycle that com-
poses the input mixture x(t) is analyzed as an independent unit
(see Fig. 10B). In this case, the subject will be diagnosed as
unhealthy when at least one wheezing is detected in one respi-
ratory cycle among all those that compose the input mixture
x(t).

Third level: respiratory stage. Each respiratory stage (inspira-
tion or expiration) that composes each respiratory cycle is ana-
lyzed as an independent unit (see Fig. 10C). In this case, the
subject will be diagnosed as unhealthy when at least one
wheezing is detected in one respiratory stage among all those
that compose the input mixture x(t).

Fig. 11 shows SP results evaluating the database T1 between the
proposed method and the aforementioned state-of-the-art meth-
ods for the three levels of analysis described above. The database
T1 can only be evaluated with the metric SP due to the non-
existence of TP and FN since T1 is only composed of audio record-
ings captured from healthy subjects. Results indicate that the pro-
posed method outperforms the correct diagnosis performance of
healthy subject compared to the state-of-the art methods for all
levels of analysis. Focusing on the first level of analysis (Breathing
mixture level), the proposed method accomplishes a significant
improvement of approximately 14.58%, 16.67% and 20.83% versus
TSVM, MKNN and EEMD, respectively. This fact seems to suggest
that the proposed method is more reliable in correctly diagnosing
healthy subjects compared to previous baseline methods, showing
a promising robustness. The reason is that the proposed method is
the only method of those evaluated that has correctly classified as
healthy all recordings from healthy subjects belonging to the data-
base T1 that are evaluated at a breathing mixture level, respiratory
cycle level and respiratory stage level.
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Fig. 10. Different levels of analysis of the input mixture associated to the spectrogram shown in Fig. 1A. A) Breathing mixture level. B) Respiratory cycle level. C) Respiratory
stage level. It can be observed a single unit to a breathing mixture level, four units to a respiratory cycle level and finally, eight units to a respiratory stage level.



J. Torre-Cruz et al./ Applied Acoustics 161 (2020) 107188 11

I Proposed
[ svm
MK
[ Jeemp

Breathing mixture level

Respiratory cycle level

Il Il
Respiratory stage level

Fig. 11. Comparative SP results between the proposed method and the aforementioned state-of-the-art methods in the database T1 for the three levels of analysis.

It confirms the robustness of the proposed method with respect
to the temporal length of the recording to correctly diagnose of
healthy subjects. Both, TSVM and MKNN achieve a similar result
in the three levels of analysis evaluated but TSVM obtains a slightly
better classification performance compared to MKNN. Neverthe-
less, TSVM and MKNN can be considered robust with the recording
duration since are based on the detection of the temporal intervals
in which wheezing is active, i.e. MKNN and TSVM determine the
wheezing frames and then analyze the duration of each temporal
interval detected as wheezing to confirm the presence or absence
of them in the recording. In contrast, the performance of the
method EEMD highly depends on the length of the recording ana-
lyzed. Specifically, the performance of EEMD equals the perfor-
mance of the proposed method analyzing at respiratory stage
level. However, EEMD reduces its classification performance by
20.83% when analyzing at breathing mixture level and 10.42%
when analyzing at respiratory cycle level. This behavior is due to
the fact that EEMD is based on the extraction of segments that
are candidates for being wheezing segments, which are obtained
from a set of thresholds that directly depend on the input record-
ing. Specifically, when the duration of the input recording is longer
than the respiratory stage, EEMD begins to erroneously detect the
wheezing candidate segments that impairs its performance in the
classification between presence or absence of WS in breath record-
ings. While EEMD classifies all the wheeze segments it has
extracted, the proposed method only analyzes the segment with
the highest probability of finding WS, previously defined as OCW.
For this reason, the results of the proposed method are the same

in all three levels of analysis, while the EEMD results worsen at
the respiratory cycle level and breathing mixture level. The wheez-
ing classification performance against the duration of the recording
obtained by the proposed method is a notable advantage, since a
correct wheezing diagnosis can be independent of the performance
in the detection of the segment at respiratory level, a critical stage
for the operation of the EEMD to maximize its classification results.

Fig. 12 shows the SE results by evaluating three databases T2H
(SNR =5 dB), T2M (SNR = 0 dB) and T2L (SNR=-5 dB) with different
SNR to compare the robustness of the proposed method in the
diagnosis of unhealthy subjects when WS are increasingly masked
by RS. The databases T2H, T2M and T2L can only be evaluated with
this metric due to the non-existence of TN and FP because these
databases are composed exclusively of audio recordings from
unhealthy subjects, in other words, each recording contains at least
one wheezing. Results show that the proposed method provides
the best overall wheezing presence/absence classification results
compared to the other evaluated state-of-the-art methods consid-
ering all SNR scenarios evaluated for the three levels of analysis.
Focusing on the breathing mixture level, it can be observed the
following:

e Database T2H: the SE improvement of the proposed method is
about 12.5% (TSVM), 12.5% (MKNN) and 18.75% (EEMD).

e Database T2M: the SE improvement of the proposed method is
about 18.75% (TSVM), 25% (MKNN) and 25% (EEMD).

e Database T2L: the SE improvement of the proposed method is
about 25% (TSVM), 31.25% (MKNN) and 31.25% (EEMD).
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Fig. 12. Comparative SE results between the proposed method and the aforementioned state-of-the-art methods in the databases T2H, T2M and T2L for the three levels of

analysis.
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Results indicate that the proposed method is more effective and
reliable to diagnose unhealthy subjects compared to the other
state-of-the-art methods evaluated. It should be emphasized that
the proposed method is the only method that correctly classifies,
evaluating T2H and T2M, all recordings from unhealthy subjects
considering the three levels of analysis. EEMD equals the perfor-
mance of the proposed method in T2H and T2L but applied in a res-
piratory stage level. Unlike EEMD, the proposed method again does
not need to analyze at the respiratory stage level to maximize its
best classification performance. This fact avoids that the perfor-
mance of the proposed method be dependent on the correct selec-
tion of the level of analysis. In addition, it can be clearly seen how
EEMD improves its classification performance from Fig. 12 (left) to
Fig. 12 (right) as the temporal length of the analyzed recording is
reduced to its optimal level, in this case, the respiratory stage level.
This is the reason why EEMD obtains worse results compared to
the other methods at breathing mixture level but outperforms
TSVM and MKNN both respiratory cycle level and respiratory stage
level, being this improvement higher at the last level of those men-
tioned. TSVM achieves the same or better performance than MKNN
in any evaluated scenario and analysis level. Highlight that the
classification improvement between the proposed method and
the rest of the evaluated methods increases as the WS are more dif-
ficult to detect because they are masked to a greater extent by RS.
This fact seems to demonstrate the greater robustness of the pro-
posed method compared to the assessed state-of-the-art methods.
Considering T2L in which an acoustic scenario SNR= —5dB has
been modeled, WS are barely audible due to the high interference
caused by RS so the wheezing classification process is more com-
plex. Focusing on the decrease in SE results by comparing T2H with
T2L at all three levels of analysis, the following can be observed:

e Considering a breathing mixture level: The SE results drop
approximately 6.25% (Proposed), 18.75% (TSVM), 25% (MKNN)
and 18.75% (EEMD).

Considering a respiratory cycle level: The SE results drop
approximately 6.25% (Proposed), 18.75% (TSVM), 25% (MKNN)
and 12.5% (EEMD).

Considering a respiratory stage level: The SE results drop
approximately 6.25% (Proposed), 18.75% (TSVM), 25% (MKNN)
and 6.25% (EEMD).

Based on the previous results, it can be said that the wheezing
presence/absence classification performance taking into account
the proposed method, TSVM and MKNN do not depend on the tem-
poral length of the recording. Although EEMD equals the perfor-
mance of the proposed method evaluating in a respiratory stage
level, only the performance of EEMD worsens significantly from
the third level of analysis (respiratory stage level) to the first one
(breathing mixture level).

In order to assess the performance of the proposed method in a
real medical scenario to detect the presence (unhealthy subject) or
absence (healthy subject) of WS, Table 2 shows detailed results
evaluating the dataset T3. The proposed method outperforms the
classification performance compared to the state-of-the-art meth-

Table 2

ods in terms of SP, SE, ACC, PVP and NVP for the three levels of
analysis. The better performance of the proposed method com-
pared to TSVM, MKNN and EEMD suggests that our proposal is
competitive to improve the reliability of the subjective diagnosis
provided by the physician in the auscultation process to detect
the presence of WS. The reason can be due to the fact that the pro-
posed method models common spectro-temporal characteristics
that attempt to describe the typical behavior of wheezing sounds
as occurs in the nature of the real world. Specifically, a detailed
analysis of the proposed method in terms of each evaluation metric
indicates the following:

e The performance of the proposed method in terms of SP indi-
cates that 100% of the healthy subjects are correctly classified.

e The performance of the proposed method in terms of SE indi-
cates that 93.3% of the unhealthy subjects are correctly
classified.

o The performance of the proposed method in terms of ACC indi-
cates that 95.8% of the healthy and unhealthy subjects are cor-
rectly classified.

e The performance of the proposed method in terms of PPV indi-
cates that 100% of the subjects classify as unhealthy subjects are
correctly detected and that none of the healthy subjects have
been erroneously classified as unhealthy.

o The performance of the proposed method in terms of NPV indi-
cates that 90% of the subjects are correctly classified.

Similarly as occurs in the evaluation of the databases T1 and T2,
TSVM and MKNN show their robustness with respect to the tempo-
ral length of the recording. TSVM and MKNN are machine learning
methods based on the extraction of features and classifiers. How-
ever, TSVM obtains better performance compared to MKNN
because TSVM consists of two SVM classifiers specifically designed
to avoid false positives and false negatives as much as possible. The
best performance of the evaluated method is achieved in terms of
SP for any level of analysis (the proposed method), in terms of SE
for any level of analysis (MKNN and TSVM) and in terms of SE at
the first level of analysis and in terms of SP at the second and third
levels of analysis (EEMD). The proposed method outperforms the
second best state-of-the-art method EEMD in terms of ACC
(16.6% in the first level of analysis, 10.4% in the second level of
analysis and 2.1% in the third level of analysis) but this ACC
improvement is significantly higher, approximately 25%, compared
to MKNN and TSVM for the three levels of analysis. Although
Table 2 confirms that EEMD can be considered an efficient method
to classify wheezing presence/absence, EEMD results shows a sig-
nificantly decrease of its classification performance when the level
of analysis is not the respiratory stage.

4. Conclusions and future work

In this study, we propose a novel method to automatically
detect the presence or absence of wheezing sounds in breath
recordings. Three novel contributions are proposed by authors.
The first contribution, band of interest (BOI), estimates the spectral

Comparative results (%) in order to classify healthy/unhealthy subjects evaluating the database T3 for the three levels of analysis.

Breathing mixture level

Respiratory cycle level

Respiratory stage level

Method SP SE ACC PPV NPV SP SE ACC PPV NPV SP SE ACC PPV NPV
Proposed 100 93.3 95.8 100 90 100 93.3 95.8 100 90 100 93.3 95.8 100 90
TSVM 55.5 76.6 68.7 74.2 58.8 55.5 76.6 68.7 74.2 58.8 55.5 76.6 68.7 74.2 58.8
MKNN 50 70 62.5 70 50 50 70 62.5 70 50 50 70 62.5 70 50
EEMD 77.8 80 79.2 85.7 70 88.9 833 85.4 92.6 76.2 94.4 933 93.7 96.5 89.5

Each value in bold indicates the highest value obtained in each column.
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range in which the probability to find wheeze sounds is maximum.
As a second contribution, a constrained tonal semi-supervised NMF
is presented to factorize into spectral patterns that correctly model
the tonal nature, by narrowband peaks, shown by WS in the esti-
mated BOI. From the separated wheezing spectrogram, we propose
an intuitive method to classify healthy or unhealthy subjects ana-
lyzing the temporal smoothness of the spectral trajectories defined
by the most significant energy decomposed in the estimated BOI.

The main conclusions derived from the experimental results
indicate that:

e The proposed method provides the best overall wheezing pres-
ence/absence classification results compared to the other state-
of-the-art methods considering all databases evaluated. Results
suggest that the proposed method obtains a promising perfor-
mance to improve the reliability of the subjective diagnosis pro-
vided by the physician in the auscultation process.

e As the results confirm, one of the main advantages of the pro-
posed method is the robustness with respect to the temporal
length of the recording to correctly classify the subject’s
condition.

e Similar to what occurs in the real world, identifying the pres-

ence of wheezing is much more complex in those acoustic sce-

narios in which wheeze sounds are barely audible due to the
high interference caused by normal breath sounds. Comparing
the evaluation of the databases T2H and T2L in the first level

of analysis, SE results of the proposed method only drop 6.25%

while results obtained by the other state-of-the-art methods

drop above 18.75%. It suggest that the proposed method is more
robust than baseline methods in the assessment of noisy sce-
narios, specifically, SNR < 5 dB.

Unlike the state-of-the-art methods evaluated based on

machine learning, the proposed method does not depend on

any training dataset but the modelling of common spectro-
temporal characteristics typically shown in wheezing sounds
to be discriminate from normal breath sounds.

Future work will focus on the design of new NMF constraints
that model the time-frequency behaviour of different types of
wheezing, specifically monophonic and polyphonic wheezing with
the aim of assessing the severity of lung disease caused by the
appearance of these wheezing sounds.
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