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ABSTRACT

In the paper a new application of tonal index, well-known
signal feature from MPEG-audio psychoacoustic model, to
pulmonary wheezes detection at patients with asthma dis-
eases is proposed. Efficiency of this approach is compared
with application of some other acoustic signal features
which have already been tested in asthma monitoring (e.g.
spectral peaks entropy, frequency ratio and kurtosis) and
superiority of the tonal index is shown. Experiments have
been conducted on artificially generated wheezes-like signal
that have being embedded in real pulmonary noise (hybrid
signal) as well as on recorded real wheezes. The SVM clas-
sifier was used in recognition process.

1. INTRODUCTION

Modern medical systems can successfully detect and diag-
nose many disorders only on the basis of simple and none-
invasive examination of different human signals. What is
very important, patients can make tests without any supervi-
sion by medical doctors. Acoustic signal analysis is very
popular in medicine. One of the most popular area of its
usage is investigation of lung sounds obtained during stetho-
scope auscultation.

Asthma is one of the common chronic diseases which can be
well controlled by lung sound analysis [1]. However, the
auscultation analysis is only one of tasks in asthma attacks
prevention. The asthma remote patient monitoring e-health
systems should also offer possibility of pollution monitoring
and patient self spirometry tests. On the basis of information
send to external medical servers, the patient receives a gen-
eral or drug recommendations from medical doctors. The
history of the patient’s disease can be analysed as well so the
remote supervision can be more precise. In certain areas the
e-health systems can inform the patient about his present
health state or dangerous situations without personal medi-
cal doctor’s care (intervention). The short review of asthma
e-health systems can be found in [2, 3] and they will not be
discussed in this paper. Such system are now commercially
available [4].

The main reason of lung auscultation in asthma is a wheeze
detection. In patient with exacerbating asthma, tonal sounds,
apart from breathing noise, are present in his lung sounds.
Computer algorithms detect and evaluate percentage of
wheezing in normal breathing, evaluate its location in the
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breathing cycle, or just indicate appearance of the disorder.
Typically, wheeze recognition methods are based on signal
features defined in three different domains: time, frequency
or joint time-frequency. The time domain features are not
very popular in wheezes detection but they have been used
in some approaches e.g. kurtosis [5]. The most frequently
are exploited Fourier spectrum frequency-based features,
among them fs5y/fy, ratio [5], spectral peaks entropy [6],
sample entropy [7] and Renyi entropy [5]. The first three of
them will be shortly described in the next section. Time-
varying extensions of the frequency features based on the
short-time Fourier and wavelet transform coefficients are
often used too.(for example wavelet bispectrum [8]). The
anomaly detection using image processing and pattern rec-
ognition performed on matrices of time-frequency spectra
can be also found in literature [9]. For recognition of the
breathing state linear [5] and nonlinear (e.g. based on opti-
mally weighted Wigner—Ville distributions) [10] classifiers
have been used.

In this paper a new application of tonal index, well-known
from MPEG-audio psychoacoustic model [11], to pulmo-
nary wheezes detection at patients with asthma diseases is
proposed. Efficiency of this approach is compared with ap-
plication of some other acoustic signal features which have
already been tested in asthma monitoring (e.g. spectral peaks
entropy, frequency ratio and kurtosis) and superiority of the
tonal index is shown. In addition, the spectral flatness, the
feature from speech analysis, is tested. Experiments have
been conducted on artificially generated wheezes-like signal
that have being embedded in real pulmonary noise as well as
on recorded real wheezes. Since we aimed at features not
classifier testing, the time-consuming but efficient (precise)
SVM classifier was used in the recognition process.
Structure of the paper is as follows. In section 3 the short
description of normal and wheezy breath signal is given, and
all features being compared with the tonal index are pre-
sented. In section 4 the tonal index definition and calculation
algorithm are shortly described and a piece of information
about introduced modifications is given. Section 5 presents
the methodology and results of particular tests, the process
of data modelling is presented in it as well. In the end, the
final conclusions are written in section 6.
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Figure 1 — a) Signature of the recorded normal breath sound, b)
typical Fourier spectrum curve of a normal breath taken from lit-
erature [1] and calculated (a mean-value one) by us using re-
corded signals
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3. LUNG WHEEZES

The normal breath sounds taken from the chest wall is a
noise that peaks in frequency approximately around 100 Hz
and drops sharply between 100 and 200 Hz but it can also be
detected near 1 kHz by sensitive microphones as well. The
signal is mixed with muscles and cardiovascular sounds.
The sounds taken from trachea have wider range of fre-
quency and the spectrum shape is a little bit different. In this
paper tests were performed only on acoustical chest auscul-
tation signals and the trachea sounds are not discussed. In
order to find experimentally the theoretical spectrum of
normal breath, the mean spectrum of 80 realisations of real
breathing was calculated and approximated by polynomial
fitting (Fig. 1b — red dashed line). The wheeze is a single or
multi tone (frequency) sound with duration higher than 80
ms and frequency between 100 Hz and 1 kHz [1]. The
wheezing can be monophonic or polyphonic but it is usually
the polyphonic one. In Fig. 2a a wheezing patient recording
is shown and its tonal nature is visible. The shape of the
wheeze spectrum (Figs. 2b and 2c) is different from the
normal breath . Noticeable hump of frequencies between
50Hz and 1kHz is usually observed in it and lower frequen-
cies are often suppressed (Fig. 2b). However, the worst case
for wheezes identification is when this low-frequency sup-
pression does not occur (Fig. 2c)
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Figure 2 — a) a wheeze signal, b) c) examples of Fourier spectra of
two wheezes taken from [12].

and when the recording is consisted of the mixture of nor-
mal noise-like lung sounds, having very strong low-
frequency noise part, and a multi-frequency tonal wheeze.
Such situation was assumed in our experiments.

4. WHEEZE DETECTION FEATURES

To detect a multi-tone component of the breathing sound till
now different signal features have already been used. The
most important ones and tested in this paper are briefly de-
scribed below.
Kurtosis [5] — (K) is a feature which describes data in time
domain. It measures a level of peakedness of a probability
distribution and it is defined as follows:

4
E (X 4#) (1)

o

where x denotes an input signal while p and 6 - its mean
and variance, respectively. The value of kurtosis of noisy
signal with normal or sub-gaussian distribution reach ap-
proximately 3 while the signal with wheezes has values
above 3. We found that more beneficial is calculation of the
kurtosis not of a time signal but its signal spectrum ex-

k=
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pressed in decibels and results for these two method will be
presented later.

Spectral peaks entropy [6] — (SPE) is defined also in fre-
quency domain. In this case, first, a ratio between each peak
value (cy, ¢y,..., cy) of the signal frequency spectrum and the
total sum of these peaks is calculated:

C
R R 2)
2

and then the entropy is to be found:

N
En :—Z p,log,,(p,) 3)

n=l

f50/fgy ratio [S] — (FR) is the last proposed frequency feature
of our interest. It is given as a ratio of two frequencies fj,
and fyy for which the area under the power spectral density
(from f= 0 to f=f5p o 90) to the total signal power (the whole
area under the PSD curve) reaches values of 50% and 90%,
respectively. The signal with wheezes has higher values of
this ratio than normal lung sounds.

Spectral flatness [13] — (SF) is a signal feature defined in
frequency domain giving information whether the signal is
more tone-like or more noise-likeone. It is defined as a ratio
of geometrical and arithmetical mean values of the signal

spectrum X(k):
N[ N—IX X 4
Fl:—HN"j“ “© @
2 X ()
N

The feature has not been used in wheezes detection till now
but in this article is additionally tested.

pn:

5. TONAL INDEX

In this paper a new application of the tonal index (71) to
lung wheezes detection is proposed and efficiency of such
method is evaluated in respect to the signal features listed
above. The tonal index is well known from MPEG-audio
standard [11] in which it is used in the psychoacoustic
model no 2 to switch a working mode of the second filter
bank in the MP3 encoder. After the first decomposition of
the acoustic signal into 32 frequency subbands, the second
division is done in which every one of 32 frequency band-
pass signals is additionally divided into 18 sub-channels
sampled twice for tonal sounds (for them better frequency
resolution is required) or into 6 sub-channels sampled 6-
times each for noisy sounds (in this case better time resolu-
tion is advantageous. The signal splitting is based on the
perceptual entropy of the FFT spectrum of the signal: small
entropy (<1800) characterizes the tonal not noisy sounds. In
turn, the tonal index is used in MPEG-audio standard for
perceptual entropy calculation.

Therefore, the tonal index is a spectral feature that can be
treated as alternative for the measures of spectral flatness
and spectral peaks entropy presented above. It is based on
calculation of FFT module ,~and phase , = prediction:

ry=2r,(t=1)—r,(t—2) )
Po=2p,(t=D)=p, (—2) ©)

in which 2 previous FFT blocks (t—1) and (+2) are taken
into account. The module and phase prediction are necessary
to calculate the degree of unpredictability ¢, (7) energy e,
(8) and weighted unpredictability ¢, (9) where wlow and
whigh denotes the border of frequency region of interest.

\/[rw -cos(p,)—r, - cos([Tw)]2 + [rw -sin(p,)—r,- sin([Tw)]2 )

2]

o ]
whigh whigh
_ 2 _ 2
e, = DIy, = D Col (8)(9)
w=wlow w=wlow

The main difference between calculating the tonal index in
the MPEG psychoacoustic model and in our algorithm for
wheezes detection relies on missing a spreading function
(simulating a human ear) in our approach. In wheezes detec-
tion, there is no need to such simulation, so the spreading
function is skipped. The final index 7i is calculated as fol-

lows:
Ti = 1ogm(ﬁj (10)

€,

6. EXPERIMENTS

6.1. Wheezes modelling and recognition
Due to the fact that we are having a very small data base of
recorded real wheezing lung signals taken from Internet, an
initial phase of our research aiming at testing wheeze recog-
nition features was based on modelled wheezes. According
to the mentioned before fact that the worst case of a wheezy
signal to detect is a sum of the tonal multi-frequency wheeze
and the noisy-like breath, in the first step artificial wheezes
were generated as multi-frequency signals with random
three frequencies lying in the range [100, 1200] Hz (tones
with higher frequencies had lower but random amplitudes
and random phases). Then, tonal signals were mixed in a
proper scale (Signal-to-Noise Ratio) with normal breathing
signals: 1) real recorded (hybrid signal) or 2) generated arti-
ficially (artificial signal). After signal (data) modeling appli-
cation of each feature was tested individually for different
SNR levels. All spectral features, except TI, were calculated
on smoothed (averaged in time direction) spectra scaled in
decibels. Such smoothing allowed to highlight the tonal
peaks and suppressed the noisy character of the spectrum.
The TI feature did not use such operation because its merit
relies on tracking the spectrum unpredictability (dynamic
change). For recognition the SVM (Support Vector Ma-
chine) classifier was used with 3rd order polynomial kernel
function. Wheeze detection efficiency was calculated using
the following formula:

TN +TP (11)

= -100%
TN +TP + FN + FP
where TP — true positive, TN — true negative, FP — false
positive and FN — false negative.
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6.1.1 Wheeze recognition in hybrid signal
First, usefulness of different signal features was verified on
artificially generated wheeze-like three-component/frequen-

cy signals which were added to real breath samples.
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Figure 3 — Wheeze recognition efficiency for single feature and
semi artificial data. K-t and K-f denotes kurtosis calculated in time
and frequency, respectively while FR-1 and FR-3 stands for simu-
lated single or three component wheeze.

100 T T & S—&
95} i 1
) 74 _
) 24
> B/
£ et o J
o
E
v 8o 1
751 3 features - K-f, Tl, SPE
=3 features - K-f, TI, FR
. ) . -2 features - K-f, Tl
-%U -40 -20 5 0 20 40

Figure 4 — Wheeze recognition efficiency for selected 2 or 3 fea-
tures and semi artificial data

Signals of real breath were recorded from chest auscultation
using 8 kHz/16-bit recorder and Panasonic WM-61 micro-
phones. The microphones were connected to the stethoscope
heads. Efficiency of each feature was evaluated using 50
samples of normal lung sounds (25 for training and 25 for
testing) and 50 samples of mixed normal breath and artifi-
cial wheeze signal (again, 25 + 25). 10 different selections
were done and an average efficiency value was calculated.
Each sound sample was 1024-point long. Obtained results
are presented in Fig.3: recognition efficiency AC (11) in
percentage against different SNR. The learning and recogni-
tion process was made on 50 different signals each. One can
see a superiority of the TI method in the whole SNR range.
The second is the SF method. The FR feature works well
only for single component wheezes. The K-f method outper-
forms the K-t one (which also works well only for single
component wheezes). After feature test, the best sets of fea-
tures were chosen to multi feature recognition tests. The
verification process was made on the same data as before.
Obtained results are shown in Fig.4.

6.1.2 Wheeze recognition in artificial signal

In the second test, on the basis of the real lung recordings
the mean value of normal breath spectrum was calculated
(see Fig. 1b) and its curve was next used to model a normal

noisy breath sound: generated random white noise was fil-

tered using it. This way artificial normal lung sounds were
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Figure 5 — Recognition for each feature for artificial data. K-t and
K-f denotes kurtosis calculated in time and frequency, respectively
while FR-1 and FR-3 stands for simulated single or three compo-
nent wheeze
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Figure 6 — Wheeze recognition for selected 2 or 3 features and
artificial data
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Figure 7 — Wheeze recognition efficiency using tonal index with
different time windows.

1000 testing samples. Obtained results are presented in
Fig. 5. Then, recognition experiment was repeated for se-
lected different sets of features (Fig. 6). Curves from figures
5 and 6 confirm those from figures 3 and 4 and the previous
remarks.

6.1.3 Window choice in tonal index calculation

To check efficiency of tonal index, different windows was
applied to algorithm: Hann, Hamming, Blackman and Kai-
ser (B = 12). Verification was done for different SNR for real
noise. The results are presented in Fig.7. For the low SNR
application of the Kaiser window is the best while for high
SNR (= -25 dB) usage of the Hann window is beneficial.
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Figure 9 — Wheeze recognition efficiency for real (recorded) data
for different sets of features. Mean value after 10 tests; dotted line
— maximal and minimal value

6.2. Recognition of real wheezes

In order to verify the previous results on real data, some
tests on recorded wheezes, obtained from the Internet [12,
14, 15], were done. To learn the algorithm , 28 normal lungs
sounds and 28 wheezes have been used while for testing —
28 normal breathings and 28 wheezes. However, the data-
base built this way was very poor since types of recordings
(lungs, trachea) and recording devices (microphones, fre-
quencies, number of bits) were different. Taking into ac-
count the small number of recordings, the test was made 10
times with random selected signals from the whole database.
Therefore, the result of such test are less authoritative but
they are still quite good, as can be observed in Fig. 8 for
each feature and Fig. 9 for sets of features.

7. CONCLUSION

The presented results prove that the tonal index feature, well
known from the MPEG-audio standard, can be successfully
used to wheezes recognition process. The tonal index is
more sensitive to tonality in noisy signals (with low SNR,
weaker wheeze) than any other feature presented in this pa-
per and it reaches full efficiency in lower SNR as well. To
increase its efficiency it was necessary to choose an optimal
time window. The result of different windows testing shows
that the differences in efficiency can reach even 20%. The
tonal index with Hamming window, used in MPEG-audio
standard, was significantly worse than other methods and it
did not reach 100% recognition efficiency. The results
shows that the tonal index could detect the wheezes as one
independent feature as well.

During comparison of different signal features the Kaiser
window (B = 12) was used in tonal index computation algo-

rithm since such choice ensure better wheeze recognition
efficiency in lower SNR (=70 : — 65) than other tested win-
dows (the efficiency for higher SNR is almost identical for
different windows). It was observed that the fs5y/fyy ratio
works better for single-component wheezes and the K-f
(kurtosis-in-frequency) method outperforms the K-t (kurto-
sis-in-time) one. The future research will be concentrated on
verification of the presented results on extensive real data
bases of lung sounds.
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