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Abstract

Cough is the most common symptom of many respiratory diseases. Currently, no standardized methods exist for
objective monitoring of cough, which could be commercially available and clinically acceptable. Our aim is to devel-
op an algorithm which will be capable, according to the sound events analysis, to perform objective ambulatory
and automated monitoring of frequency of cough. Because speech is the most common sound in 24-hour record-
ings, the first step for developing this algorithm is to distinguish between cough sound and speech. For this pur-
pose we obtained recordings from 20 healthy volunteers. All subjects performed continuous reading of the text
from the book with voluntary coughs at the indicated instants. The obtained sounds were analyzed using by lin-
ear and non-linear analysis in the time and frequency domain. We used the classification tree for the distinction
between cough sound and speech. The median sensitivity was 100% and the median specificity was 95%. In the
next step we enlarged the analyzed sound events. Apart from cough sounds and speech the analyzed sounds were
induced sneezing, voluntary throat and nasopharynx clearing, voluntary forced ventilation, laughing, voluntary
snoring, eructation, nasal blowing and loud swallowing. The sound events were obtained from 32 healthy volun-
teers and for their analysis and classification we used the same algorithm as in previous study. The median sen-
sitivity was 86% and median specificity was 91%. In the final step, we tested the effectiveness of our developed
algorithm for distinction between cough and non-cough sounds produced during normal daily activities in patients
suffering from respiratory diseases. Our study group consisted from 9 patients suffering from respiratory diseases.
The recording time was 5 hours. The number of coughs counted by our algorithm was compared with manual
cough counts done by two skilled co-workers. We have found that the number of cough analyzed by our algorithm
and manual counting, as well, were disproportionately different. For that reason we have used another methods
for the distinction of cough sound from non-cough sounds. We have compared the classification tree and artificial
neural networks. Median sensitivity was increasing from 28% (classification tree) to 82% (artificial neural network),
while the median specificity was not changed significantly. We have enlarged our characteristic parameters of the
Mel frequency cepstral coefficients, the weighted Euclidean distance and the first and second derivative in time.
Likewise the modification of classification algorithm is under our interest.
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INTRODUCTION

Since the 1950, there has been an interest in making objective monitoring of cough fre-
quency. The first published systems consisted of reel-to-reel tape recorder and the patients
have to spend the entire recording time in the single room containing a microphone. The
obtained cough sounds were counted manually by listening to the entire sound recordings
(1, 2). The major problems with these systems were the laborious nature of the manual
cough counting and the restriction of the patients in the single room. For these reasons
these systems never became clinically acceptable. Recent development of recording systems,
computer technology and memory cards permit to use the digital technology in the sound
analysis and their classification. The cough sound events can be recorded using the digital
voice recording systems and after the recording time can be analyzed using personal com-
puter. The obtained sound events are classified according to the mathematical sound events
analysis alone (3, 4), or the input data are enlarged to the EMG recordings with the aim to
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better distinguish the analyzed cough sounds from the other non-cough sounds (5, 6). The
obtained sound events are analyzed in the time and frequency domain (7, 8, 9, 10). For
sound events classification are used the classification trees (11), artificial neural networks
(3), hidden Markov models (4), or a hybrid model, which is the combination of the artificial
neural network and hidden Markov model (12).

Despite the rising interest to prepare an accurate algorithm for objective monitoring fre-
quency of cough according to the sound events analysis, to date any standardized method
which will be commercially available and clinically acceptable does not exist.

We are presenting an overview of the development of our algorithm for 24-hours objective
monitoring frequency of cough in humans. The cough sounds are distinguished from the
other non-cough sounds according to mathematical sound events analysis and are classi-
fied using classification tree or artificial neural network in the classification task. The devel-
opment of our algorithm for objective monitoring frequency of cough was published in our
recent studies (11, 13, 14, 16, 17).

MATERIAL AND METHODS

Subjects

Firstly we obtained sound records from 20 healthy subjects. Our study group performed
continuous reading of a text from a book with voluntary coughs (46 cough events) per-
formed at the instants indicated in the text. The recording lasted about 20 min. Before read-
ing the text, the subjects coughed voluntarily three times to obtain their individual cough
sound pattern (11).

Next study was focused on the other non-cough sounds produced from the upper airways.
‘We obtained sound records from 32 healthy volunteers. The recorded sounds were: induced
and voluntary coughs, induced sneezing, voluntary throat and nasopharynx clearing, vol-
untary forced ventilation, laughing, voluntary snoring, eructation, nasal blowing, loud
swallowing and speech. The induced coughs were provoked by single-breath inhalation of
capsaicin (250 mol/]) and sneezing was induced by intranasal administration of histamine
solution (8 mg/ml) (14).

In the last step we tested the accuracy of our developed algorithm for distinction between
spontaneous cough and other non-cough sounds. We obtained sound records from 9
patients suffering from respiratory diseases. The patients were hospitalized at the Clinic of
Tuberculosis and Respiratory Diseases, Jessenius Faculty of Medicine, Comenius
University, Martin. The recording time was 5 hours (from 10:00 to 15:00). During the record-
ing time the patients could perform their normal daily activities. At the beginning of the
recording, the patients coughed voluntary three times to obtain their individual cough
sound pattern (13).

Recording system

For sound events recording obtained from the healthy volunteers we used the system con-
sisted of a portable digital voice recorder (Sony, ICD-MX20, Sony Corporation China) with
the sampling frequency 7 kHz in the long play mode and the miniature omnidirectional con-
denser microphone (ATR35s, Audio-Technica U.S., Philippines) with the frequency response
between 50 — 18 000 Hz. The microphone was attached to the subject’s chest and was cov-
ered by a plastic foam membrane to suppress sounds coming from the outer environment.
The low sampling frequency of the used recorder allowed analyzing the acquired sound data
only in the frequency range between 60 — 3500 Hz. For this reason we changed our record-
ing system to the new system consisted of the portable linear PCM recorder (PCM-M10, Sony
Corp., China) and miniature condenser microphone (DPA 4061BM). The recorder permits to
perform sound recordings with the sampling frequency of 44 kHz and resolution 16 bits per
sample, which is sufficient for detailed cough sound analysis. The changed microphone has
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better frequency characteristic. In the effort to better suppress sounds coming from the
outer environment we tested new materials for acoustical equalizer construction. We used
self developed acoustical equalizer to suppress sounds coming from the outer environment.
This equalizer still undergoes an evolution.

Processing of the obtained data

The obtained sound records were transferred to the PC and further analyzed. The detec-
tion of the sound events and removing of the quite segments from the raw records was the
first step in the sound analysis. The algorithm for sound events detection was described in
our recently published studies (11, 13, 14). For sound events detection we used the moving
window which moved over the whole audio signal without overlap. For each position of the
moving window was calculated the value of standard deviation (SD) and compared with
empirically determined threshold value. The portions of the signal containing quite seg-
ments reached only small value of SD related to the inherent noise present in the signal.
The portions of the signal containing sound events reached relatively high degree of SD
which exceeded the threshold value. For sound events exclusion we used the length of each
identified event. Because the mean duration of the voluntary cough sound acquired from
healthy volunteers is 0.3 + 0.01 sec (15), the detected sound events which were shorter as
0.1 sec were excluded from further analysis. The detected sound events which were longer
as 0.1 sec were stored in separate WAV files.

Sound events analysis

The characteristic parameters of the cough sounds, which will be able to distinguish the
cough event from the non-cough sounds, have been elaborated. The acquired sound events
have been analyzed in the time and frequency domain. Firstly we measured the length of
the each identified sound event (parameter length). From the Total power (TP) corresponding
to the area under the power spectral density (PSD) curve we determined the values of the
first local (parameter local) and global (parameter global) maximum and the time of their
occurrence (parameters time,,  and time,, ). We determined the mean and maximal values
of the sound events lntens1ty (para.meters TPmm and TP ). The cough sound can be char-
acterized by the sudden rise of a waveform with one or several large amplitudes, while voice
sounds show a gradual rise of their waveform (10). For this reason the characteristic param-
eter, which can be calculated, was the parameter slope. Parameter slope was computed as
a value of the first local maximum divided by the time of its occurrence. Next we found all
local maxima and minima in the time course of the TP in sound events. We computed the
parameter ratio of TPs of all local maxima divided by the sum of TPs of all local minima in
a given sound events. From the 512 samples corresponding to the first local and global max-
ima we computed the values of sample entropy (parameters SampEn, ., and SampEn,,, ).
From the frequency spectrum determined from these 512 samples we computed parameters
skewness and kurtosis. Skewness is a measure of the asymmetry of the probability distri-
bution of a real-valued random variable. Kurtosis is a measure of the “peakedness” of the
probability distribution of a real-valued random variable.

Because these variables were insufficient for accurate distinction between spontaneous
cough sounds and non-cough sounds acquired from patients with respiratory diseases we
enlarged our characteristic parameters to the other parameters such as Mel frequency cep-
stral coefficients (MFCC), the values of the first and second derivative in time and the
weighted Euclidean distance. The MFCC are frequently used in the speech recognition algo-
rithms. They represent the short-term power spectrum of analyzed sound. The first and sec-
ond derivative in time is used in order to better reflect the dynamic changes of the analyzed
variable. The weighted Euclidean distance was computed as a measure of the distance
between MFCC computed from three cough sound patterns obtained from each analyzed
patient and the values of MFCC computed from the other analyzed sound events.
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Sound events classification

For sound events classification to the cough and non-cough sound groups we used the
classification tree. This algorithm was successfully employed for distinction between volun-
tary coughs and other non-cough sounds acquired from healthy patients (11, 14). For dis-
tinction between spontaneous cough sounds from the other non-cough sounds acquired
from patients with respiratory diseases we reached low value of accuracy (13). For this rea-
son we changed our algorithm and used the artificial neural network in the classification
task (16, 17). The artificial neural network is a mathematical model inspired by biological
neural networks. For sound events classification we used the feedforward backpropagation
neural network. The artificial neural network was trained according to the Levenberg-
Marquard algorithm on set of 50% from all non-cough sounds and on set of 10% from all
cough sounds.

RESULTS

We reached good accuracy for distinction between voluntary cough sounds and speech
obtained from healthy subjects (sensitivity was 100%, specificity was 95%) (11). These
results were reached using classification tree in the classification task. The measured char-
acteristic parameters were: the length of the entire identified sound event, the mean and
maximal value of the sound event intensity, the value of the first local and global maximum
and the time of their occurrence, parameter slope, parameter ratio, sample entropy and the
values of skewness and kurtosis. All characteristic parameters were acquired using analy-
sis in the time and frequency.

Relatively good accuracy (sensitivity 86%, specificity 91%) was reached for distinction
between coughs and other non-cough sounds produced from the upper airways by healthy
volunteers (14). The cough sound events (n=152) included voluntary (n=52), spontaneous
(n=8) and induced (n=92) coughs. The non-cough sounds (n=1554) were voluntary throat
(n=62) and nasopharynx clearing (n=23), voluntary forced ventilation (n=19), laughing
(n=125), voluntary snoring (n=26), eructation (n=18), nasal blowing (n=85), induced sneez-
ing (n=30), speech (n=1073) and other sounds (n=93). From the total number of the 152
cough sounds were by our algorithm correctly classified 131 cough sounds. Remaining
coughs were classified as non-cough sound events.

In the last step we tested the accuracy of our developed algorithm for distinction between
spontaneous cough sounds and the other non-cough sounds acquired from the patients
suffering from respiratory diseases. The accuracy of our developed algorithm was compared
with manual cough counts obtained from two skilled co-workers. In this classification task
we reached relatively low accuracy (sensitivity 28%, specificity 99%) (13). For this reason we
enlarged the characteristic parameters to the MFCC, first and second derivative in time and
the weighted Euclidean distance. We compared the accuracy of the classification tree and
artificial neural network in the classification task (Tab 1). From our results we can see, that
the artificial neural networks are more sensitive for classification task compared with clas-

Table 1: The classification accuracy for distinction between spontaneous cough sounds and other non-
cough sounds acquired from patients with respiratory diseases. The obtained sound events are classified
using by classification tree or artificial neural network. From the table we can see, that the artificial neural
network is more sensitive for classification compared with classification tree.

Classification algorithm sensitivity [%] specificity [%]

Classification tree 28 99

Artificial neural network 82 96
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sification tree (16, 17). Using by the classification tree in the classification task were from
the number of 1074 cough sounds correctly classified only 300 cough sound events. The
artificial neural networks caused that the number of properly classified coughs raised from
the 300 coughs to 880 cough sound events. Remaining cough sounds were incorrect, clas-
sified as non-cough sounds.

DISCUSSION

This paper includes an overview of developing a mathematical algorithm for objective
monitoring of the frequency of cough during 24-hours in ambulatory settings. In the first
step we prepared a system for 24-hours recording of the cough sound and method for sup-
pressing sounds coming from the outer environment. The environmental sounds were sup-
pressed using self developed acoustical equalizer.

The characteristic parameters of the cough sound were acquired due to an analysis of the vol-
untary coughs obtained from the healthy volunteers. We assume that the speech is the most
common sound present in the normal daily patient’s activity. For that reason was our first study
aimed to distinction between voluntary cough sound and speech (11). In the next step we
enlarged the analyzed sound events to the other non-cough sounds produced from the upper
airways (14). The recorded sounds were analyzed in the time and frequency and classified using
the classification tree. Our results are comparable with the study of Vizel et al. (18). In this study
the authors recorded voluntary cough sounds from healthy volunteers while laying supine, sit-
ting, sitting with strong ambient noise, walking and climbing stairs. Each phase lasted 5 min-
utes in which the subjects did not coughed for 2 minutes, then voluntary coughed for 2 min-
utes, then performed voluntary coughs of graded intensity, throat clears and talked (counting
from one to ten) for 1 minute. The total length of the recordings was 25 minutes per subject.
Authors reached the overall specificity 94% and the overall sensitivity 96%. In this study there
were the cough ,candidates” identified based on their energy characteristics and cough ampli-
tude pattern previously established from voluntary and spontaneous coughs. The .candidates”
were verified based on their fit to a cough pattern in both the time and frequency. It is demand-
ing to compare our results with other studies, because the measurement protocol is not similar.
Many authors compare spontaneous cough sounds in patients with respiratory diseases with
other non-cough sounds produced by their normal daily activities (3, 4). We compared the vol-
untary cough sounds vs. other non-cough sounds produced from the upper airways.

In the last step we aimed for distinction between spontaneous cough sounds and non-
cough sounds produced by the patients with respiratory diseases. Firstly, the obtained
sound records were analyzed and classified using the same algorithm as in previous study
(time and frequency, classification tree). The median sensitivity was 28% and median speci-
ficity was 99%. The low classification accuracy is caused by the wide variability of the spon-
taneous cough sounds in their frequency spectrum. This variability is typical not only
between the individual patients, but also in the same patient during the 24-hours. In effort
to reach higher accuracy for distinction between cough and non-cough sounds produced by
patients suffering from respiratory diseases we used MFCC (Mel frequency cepstral coeffi-
cients) and the first and second derivative in the time. In the classification step we used the
artificial neural networks. The median sensitivity was increased from 28% (classification
tree) to 82% (artificial neural network). The value of median sensitivity was not changed sig-
nificantly. We proved that the artificial neural networks are more sensitive for sound events
classification compared with classification trees. The accuracy of our developed algorithm
is comparable with recently published studies (3, 4). For the future we try to improve the
accomplishment of our developed algorithm. We want to better describe the time changes of
the characteristic parameters of the cough sound. For better distinction between cough and
non-cough sounds we want to adjust the artificial neural networks to the conditions of
spontaneous cough sound obtained from patients suffering from respiratory diseases.
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