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and musical features
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Abstract— In this work thirty features were tested in order to
identify the best feature set for the robust detection of wheezes.
The features include the detection of the wheezes signature in
the spectrogram space (WS-SS) and twenty-nine musical
features usually used in the context of Music Information
Retrieval. The method proposed to detect the signature of
wheezes imposes a temporal Gaussian regularization and a
reduction of the false positives based on the (geodesic)
morphological opening by reconstruction operator. Our dataset
contains wheezes, crackles and normal breath sounds.

Four selection algorithms were used to rank the features.
The performance of the features was asserted having into
account the Matthews correlation coefficient (MCC). All the
selection algorithms ranked the WS-SS feature as the most
important. A significant boost in performance was obtained by
using around ten features. This improvement was independent
of the selection algorithm. The use of more than ten features
only allows for a small increase of the MCC value.

I. INTRODUCTION

The automatic detection of adventitious sounds
(additional respiratory sounds superimposed on breath
sounds) is a valuable non-invasive tool to detect and follow-
up respiratory diseases such as chronic obstructive
pulmonary disease (COPD). Adventitious sounds include
wheezes (continuous sounds), stridors, squawks and crackles
(discontinuous sounds).

Crackles are short explosive sounds that are associated
with cardiopulmonary diseases and typically present a very
characteristic waveform. These sounds seem to result from
an abrupt opening or closing of the airways [1].

Wheezes are continuous sounds that are usually associated
with obstructions in the air passages. These whistling sounds
are characterized by periodic waveforms with duration equal
or longer than 100 ms [2]. Due to their musical nature, these
sounds have a distinct signature in the spectrogram space
(see Fig. 2).
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Different methods were proposed to automatically detect
wheezes, such as 1) based on the detection of the wheezes
signature in the spectrogram space [3][4][5][6], 2) using the
Mel-frequency cepstral coefficients combined with Gaussian
mixture model [7][8], 3) based on auditory modeling [9], 4)
based on tonal index combined with the correlation function
[10] and 5) based on sample entropy [11].

In this study we assert the capacity of thirty features to
detect wheezes. Our features include the result of the
detection of the wheeze signature and twenty-nine musical
features. A new method for the detection of the signature of
the wheezes in the spectrogram space is presented. Our
dataset contains not only wheezes but also crackles and
normal breath sounds.

The performance of the feature(s) to discriminate
respiratory sounds with wheezes was studied taking into
account the Matthews correlation coefficient (MCC) [12]
measured after classifying the data using the logistic
regression classifier (LR) [13] or the random forest classifier
(RF) [13]. Four feature selection methods were tested.

II. MATERIAL AND METHODS
A. Data

Data of twelve volunteers (nine patients and three healthy
subjects) were acquired at the General Hospital of
Thessaloniki ‘G. Papanikolaou’ and at the General Hospital
of Imathia (Health Unit of Naoussa), Greece. The
respiratory sounds of six patients contain wheezes or
wheezes and crackles. The healthy subjects exhibit normal
respiratory sounds, while another set of three patients had
only crackle manifestations. Auscultations positions were
selected among the six possible positions presented in Fig. 1.
For each volunteer we selected the data acquired from the
two positions where the adventitious sounds/normal sounds
were better heard, i.e., twenty-four acquisitions of
approximately 30 seconds were used in this study.

The data were acquired at 4000 Hz using a 3M Littman
electronic stethoscope (model 3200), which complies with
the EMC requirements of the IEC 60601-1-2. The
acquisitions were done with the volunteers in the sitting
position.

One hundred and thirteen wheezes were annotated in the
temporal space. Using this information, the partitions on the
spectrogram space (see section II-B) were annotated as
containing or not containing wheezes. The ethical committee
of the General Hospital of Thessaloniki ‘G. Papanikolaou’
authorized the acquisition of the data.



B. Detection of the wheezes signature in the spectrogram
space (WS-SS)
Fig. 2 presents the diagram of the proposed method to
detect the signature of wheezes in the spectrogram space.

Figure 1. Potential positins for the acquisition of sounds (red). For each

volunteer we selected the data acquired from the two positions where the
adventitious sounds/normal sounds were better heard.
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Figure 2. Diagram of the proposed method to detect the signature of

wheezes in the spectogram space (WS-SS).

The method has the following steps:

1 — Filter the signal

The first derivative of the discrete Gaussian kernel [14]
was used to filter the signal. The kernel size was equal to
5 bins (on the time domain).

2 - Compute the spectrogram

The spectrogram [14] of the filtered signal, S[t, f] (with f
the frequency and t the time), is computed using a flat top
window, partitions with the length equal to 512 bins and

3 - Subtraction of the background
The subtraction of the background (tread) was done using
the method proposed in [3], i.e.,

SB[t] = S[t] - B[t] Q)

where S[t] is an array with the frequencies values
computed at t and B[t] is the background estimated using
a moving average filter applied to S[t] and SZ the
spectrogram without the background.

4 - Peak detection

In this step we identify the elements of SE[t, f] that
should be part of a wheeze following the method used in
[3]. As in [3] we restrict our search to the interval of
frequencies between 100 and 1000 Hz. All the wheezes
in our dataset are within this interval. We use two
frequency bands, B; =[100,600[ Hz and B, =
[600,1000] Hz. For each frequency band Bj, with
k = {1,2}, we calculate a binary matrix, P, with the same
size as the spectrogram S using

)

U if P (6612 SETT+ GeotsELe) )
Pk [t' f] =
t 0 else

where the value of 1 in the matrix P correspond to a
possible element of a wheeze, the SP[t] and o(SZ[t])
correspond to the mean value and the standard deviation,
respectively, of Sf[t]. The C, ={1.5,2.5} are the
thresholds used.

5 - Reduction of false positives

For the reduction of the false positives we propose to use
the (geodesic) morphological opening by reconstruction
operator. We apply the Mathematica function
GeodesicOpening [14] to P using as structuring element a
box matrix.

6 - Computation of the array of weights (w)
After the reduction of the false positives we compute a
binary array of weights, w,, (see Fig. 3) using

1if » Pltf1=1
) o

wy[t] =

0 else

In order to improve the accuracy of the classification we
propose to add a temporal Gaussian regularization to the
binary weights (see Fig. 3). Fig. 4 describes the method
used to compute the additional Gaussian weights, w,. The
final array of weights, w, is the sum of w;, with w,.
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Figure 3. Example of the values of the weights, computed in the step 6 of

an offset equal to 128 bins (on the time domain).

the proposed method to detect the WS-SS, as a function of the time. The
binary weights, w,, , are represented in blue and the gaussian weights, w, in
red. The black points correspond to the annotation.



Computation of the gaussian weights, W, and the (final) weights w

Input: wy array with the binary weights
Output: wy array with the gaussian weights
w array with the final weights

1. Create a constant array, wg, of zeros with the same size as wp.

2. Identify the groups of elements of ones in wp.
3. For each group of ones

3.1 Create a constant array, Wqmmp, 0f zeros with the same size as wg .
3.2 Compute the lenght, L, the start index, sind, and the end index, elnd.
3.3 Compute o=L/(2*/ 2 log (2) ).

3.4 Compute
2+,/2 log(2) o
fwhm), > = f H
24+,/2 log (10} o
fwtmy, 2 = {fj,

A=fwtm;,; - fwhm;,; and ¢=0.5/4.
358etwy[eInd + inc] = 0.5 - (inc-1) «¢ and

wglsind - inc]=0.5-(inc-1)+¢
3.6 Compute Wy = Wy + Wyrmp -

with inc=1,2,...4 .

4. Compute w = Wy + Wy .

Figure 4. Pseudocode to compute the array of gaussain weights, wy, from
the array of binary weights, w;,. The final array of weights, w, is the sum of
wy, with w, .

C. Musical features

In this study we tested twenty-nine musical features
computed using the MIRtoolbox [15]. The timbre and tonal
features were obtained taking into consideration only the
frequencies between 100 Hz to 1000 Hz (as we have done in
II-B). The frame duration used was 128 ms and the hop
factor (ratio) was 0.25. Table 1 presents the musical features
used in this study.

TABLE 1. MUSICAL FEATURES AND THE CORRESPONDENT LABELS USED IN
THIS STUDY.

Dynamic Label
Root-mean square energy 2
Timbre -
Brightness 3
Centroid 4
Flatness 5
Irregularity 6
Keyclarity 7
Kurtosis 8
13 Mel-frequency cepstral coefficients [9,21]
Rolloff 85 22
Rolloff 95 23
Roughness 24
Spread 25
Skewness 26
Zerocross 27
Tonal -
Chromagram centroid 28
Chromagram peak 29
Mode 30

D. Performance criteria

The MCC, measured after classifying the data using the
LR classifier or the RF classifier, was used to assert the
capacity of the features to detect wheezes. The MCC is a
balanced performance measure, specially suitable when the

dataset are unbalanced [12]. The sensitivity (Se), specificity
(Sp) and the accuracy (Acc) were also measured. Each
partition/frame was classified as containing or not containing
wheezes.

Four state-of-the-art feature seclection algorithms were
used to rank the importance of the features: the least
absolute shrinkage and selection operator (LASSO) [13], the
variable importance estimated using a RF (RF-VI) [13], the
sequential feature selection [13] in the forward direction
(SFS_Forward) and in the backward direction
(SFS_Backward). The objective function used in the
sequential feature selection was the maximization of the
MCC measured after classifying the data using the LR
classifier.

For each classification a stratified 10-fold cross-validation
approach with ten Monte Carlo repetitions was used.

III. RESULTS

Table 2 presents the first fifteen features, ranked by
importance, selected by the four different feature selection
algorithms. Fig. 5 and Fig. 6 show the MCC measured after
classifying the data using the LR classifier and the RF,
respectively, as a function of the number of features ranked
by the different selection algorithms. Table 3 and Table 4
present the MCC, Se, Sp, and Acc measured after classifying
the data using the LR and the RF, respectively, using one,
ten and thirty (all) features.

TABLE 2. RANK OF THE FIRST 15 FEATURES SELECTED (#) USING FOUR
DIFFERENT ~ FEATURE  SELECTION  ALGORITHMS: LASsO, RF-VI,
SFS_FORWARD AND SFS BACKWARD. SEE TABLE 1 TO IDENTIFY THE
CORRESPONDENCE BETWEEN LABELS AND THE MUSICAL FEATURES. THE
LABEL | CORRESPONDS TO THE WS-SS FEATURE.

# LASSO RF-VI SFS Forward SFS Backward
1 1 1 1 1
2 6 6 13 13
3 23 24 18 17
4 20 7 23 12
5 3 2 19 5
6 14 19 6 21
7 5 20 28 28
8 24 16 22 6
9 27 17 9 22
10 19 29 5 15
11 29 28 29 19
12 28 14 21 18
13 21 11 20 10
14 10 21 27 23
15 22 15 2 4
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Figure 5. MCC measured after classifying the data using the LR classifier as
a function of the number of features ranked by LASSO (green), RF-VI
(yellow), SFS_Forward (red) and SFS_Backward (blue).




IV. DISCUSSION AND CONCLUSION

The objective of this study was to test the performance of
thirty features to detect wheezes (adventitious lung sounds
that have a musical character). One of the features attends to
detect the signature of the wheezes in the spectrogram space
(see Fig 2). Our algorithm to detect this signature imposes a
temporal Gaussian regularization (see Fig. 3) and a reduction
of the false positives based on the (geodesic) morphological
opening by reconstruction operator. The other twenty-nine
features are usually used in the context of Music Information
Retrieval (see Table 1). Our dataset contains wheezes,
crackles and normal breath sounds.

Two classification algorithms, the logistic regression and
the random forest, were used to evaluate the performance of
the different features. As expected, the performance criteria
(MCC, Sp, Se and Acc) were higher with the random forest
classifier (see Table 3 and Table 4). Using thirty features
combined with RF it is observed a MCC, Se, and Sp equal to
92.7+ 1%, 90.9 +2 % and 99.4 + 1%, respectively.

In this study we evaluated four different selection
algorithms to rank the features. All of these algorithms
ranked the WS-SS feature as the most important (see Table
2). Using only this feature and the LR to classify the data
(see Table 3), we measured a MCC, Se, and Sp equal to
64.4 + 2%, 84.4 % 2% and 88.7 £ 1%, respectively. As
can be observed in Fig. 5 and Fig. 6, the addition of more
features allows for the improvement of the MCC value.
When the RF was used to classify the data, similar values of
MCC were obtained using the features ranked by the
different selection algorithms (see Fig. 6).

Independently of the selection algorithm applied, a
significant improvement was obtained using around ten
features (see Fig. 5 and Fig. 6). The addition of more
features only allows for a smaller improvement.

In the future, after validating the results of this study with
more data (acquired under the EU WELCOME [16] project),
the identified features will be utilized to monitor the
presence of wheezes in patients with COPD.
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Figure 6. MCC measured after classifying the data using the RF classifier as
a function of the number of features ranked by LASSO (green), RF-VI
(yellow), SFS_Forward (red) and SFS_Backward (blue).

TABLE 3. MCC, SE, SP AND ACC MEASURED AFTER CLASSIFYING THE DATA
USING THE LOGISTIC REGRESSION CLASSIFIER USING 1, 10 AND ALL
FEATURES. THE FEATURES WERE SELECTED USING THE SFS_FORWARD.

N° of Features MCC [%] Se [%] Sp [%] Acc [%]
1 64.4+2 84412 88.7+1 879+1
10 81.6+2 82.0+2 976+ 1 949+1
30 83.6+2 82.7+2 98.1+1 95.5+1

TABLE 4. MCC, SE, SP AND ACC MEASURED AFTER CLASSIFYING THE DATA
USING THE RANDOM FOREST CLASSIFIER USING 1, 10 AND ALL FEATURES.
THE FEATURES WERE SELECTED USING THE RF-VL

N° of Features MCC [%] Se [%] Sp [%] Acc [%]

1 653 %2 86.5+2 883+1 88.0+1

10 91.7+1 89.6 + 2 99.3+2 97.7+1

30 92.7+1 909 + 2 994 +1 979+1
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