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Abstract. Lung sound is a complex signal produced by the respiratory process. The complex signal has

several properties including a chaotic behavior, fractality or self-similarity property. One of lung sounds that

arise from abnormalities occurred in the respiratory tract is pulmonary crackle sound. In this study, we tested
the degree of self-similarity of pulmonary crackle sound and examined whether the degree of similarity can

be used as a feature to differentiate the pulmonary lung crackle sound with normal lung sound. The results
showed the sufficient strength of the self-similarity nature of the pulmonary crackle sound. Meanwhile, a test
using K-mean clustering produced an accuracy of 87.5% to differentiate between the pulmonary crackle sound
and normal lung sound. It can be stated then that it is deemed important to take another feature to obtain
higher accuracy. The high self-similarity degree indicates that a pulmonary crackle sound has fractals

properties.

1 Introduction

Pulmonary crackle is an adventitious lung sound occurred
in the respiratory sounds indicating several abnormalities
in the airways. It might be caused by some diseases
including lung fibrosis, pneumonia, and chronic
bronchitis [1]. Lung sound could be heard using a
stethoscope by doctors in diagnosing certain
abnormalities in the respiratory system. It is commonly
diagnosed in agreement with the expertise and experience
of the physician. Along with the development of digital
signal processing technology, many methods have been
developed to analyze lung sounds automatically.

Various methods have been used to detect the
pulmonary crackle sound automatically. In a study
reported by Mendes and co-author [2], some Teager
features such as energy, information entropy, and local
Higuchi fractal dimension were calculated on the non-
stationary part of the output of wavelet packed stationary
transform-non-stationary transform filter (WPST-NST).
In another study, some tests were conducted on the effects
of the use of the window, wavelet, and machine learning
for the pulmonary sound detection in the time-frequency
domain and time-scale domain [3]. The results indicated
that Support Vector Machine (SVM) as a classifier could
produce the highest accuracy compared to multilayer
perceptron and K-NN [3]. Rizal and co-workers used
multi-order Tsallis entropy (TE) as a feature extraction
method for pulmonary crackle [4]. The reported results
showed that TE with the order of 2, 3, and 4 could produce
accuracy up to 95.35%. Another study as reported took
only three sub-bands (D3, D4, and D5) to analyze the
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crackle sound using a wavelet analysis [5]. The suggested
mother wavelets were Daubechies 7 and Symlet 7.

Lung sound is a complex biological signal. One
characteristic that often appears on a complex signal is
fractal properties. Most of the fractals have a self-
similarity feature. The self-similarity of the signal can be
tested using several methods such as R/S method,
variance method, the absolute moment method, and
variance ratio of residuals [6]. In this study, we measured
the degree of self-similarity (H) using the variance
method to observe the characteristics of pulmonary
crackle. Self-similarity is one of the characteristics of the
fractal signal. Using the degree of self-similarity (H), we
could find the fractality nature of pulmonary crackle
sound. The H value would be used to determine whether
the fractal method could be used for a lung sound analysis
in future studies. It also tested whether the value of H
could be utilized as a feature to distinguish between
crackle sound and normal lung sound.

2 Materials and Methods

The flowchart of the process in this paper is displayed in
Fig.1. First, normalization process was applied in the lung
sound signal. Then, we calculated the degree of self-
similarity (H) of the lung sound signal. We used
maximum block size m = 100 in this paper. We analyzed
the H value of normal and crackle lung sound using
ANOVA then tested using K-mean clustering.

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution
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Fig. 1. Flowchart of the process in the research

K-mean clustering was used to test whether the H value
could be used as feature for lung sound classification. The
detail of each process will be described in next subsection.

2.1 Lung Sound Data

We used the same lung sound data set were collected from
the internet as did in a previous paper [4]. The data
consisted of 20 crackle sound data and 20 normal
bronchial sounds. Crackle sounds were taken from cystic
fibrosis and interstitial pulmonary fibrosis patient.
Meanwhile, normal data was recorded from 26-year-old
man [7]. Data had a single respiratory cycle with a
sampling frequency of 8000 Hz. To overcome the
differences in the recording process, we did a
normalization process as shown in equation (1).

y() = x(n) - =X x(n) (1)

where x (n) is the input signal, and y (n) is the result of
normalization. This process was intended to eliminate the
DC component in the signal. Amplitude normalization
process was then performed as in equation (2).

_ x(m)
ym) = 2
where || is a maximum absolute value of signal x. By the
normalization process, the input signal would have a

range from -1 to +1 and a zero mean.

2.2 The Degree of Self-Similarity

The degree of self-similarity (H) was proposed by Kalden
and Ibrahim to measure self-similarity on GPRS signal
[6]. By using H value, the characteristic of the traffic on
the GPRS network could be predicted. If a sequence of a
signal x(i) is stated y™(k) as the aggregated process.
y™ (k) is formed from a non-overlapping block with the
size m as in (3).

y™(k) =~ Xt x(km — 1) (3)

If the signal x (i) is stated as self-similar, the variance of
the aggregated process will decay based upon the increase
of block size m. The variance of y™ is expressed as in (4).

var(y™) ~ mF “4)

where 0 < 8 < 1, hence the degree of self-similarity (H)
can be expressed as in (5)

H=1-8/2 )

The high value of H shows a strong self-similarity nature
[8]. The H value can be an indication of the fractal

properties of the signal.

3 Results and Discussion

Typical pulmonary crackle sound and normal bronchial
are shown in Fig. 1 indicating that the duration of the
crackle sound tends to be short and to have the largest
frequency below 500 Hz. On the other hand, the normal
bronchial sound has a clear pause between inspiration and
expiration phase. Normal bronchial sound tends to
continue.

Fig. 2 shows the variance decay as a function of block
size m, as we used m = 1 to 100. Normal lung sound has
slower decay than pulmonary sound so that the H value of
normal lung sound is higher than pulmonary crackle as
explained in (4) and (5). The boxplot of H value for
pulmonary crackle sound and normal lung sound is shown
in Fig. 3. Some H value of normal lung sound has a lower
value than other so make it overlapped with H value of
pulmonary crackle. In another hand, some H value of
pulmonary crackle has a higher value to make it have the
same value with normal lung sound.

To test the H value separation between normal
bronchial sounds crackle, we used Analysis of Variance
(ANOVA). Using single-factor ANOVA test, the F-value
of 31.93 with a p-value < 0.001 were obtained. This
indicated that the value of H in normal bronchial sounds
and crackle sound statistically significant differences.
Further, we tested the possibility of using the value of H
as a feature for lung sound classification using K-mean
clustering. K-mean clustering groups the data into K
clusters. The centroid of each cluster was calculated from
the average of data grouped in it. Centroid and the
distance calculation process were repeated until no data
moved to another cluster. We used accuracy for
performance evaluation parameter. We defined accuracy
as:

__ number of data grouped in correct cluster (6)
Y. data

accuracy(%) = X 100%
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Fig. 4. (a) K-mean clustering result using city-block distance (b)
K-mean clustering results using Euclidean distance

We used K-mean clustering with two distance
measurement techniques as presented in Fig. 4. As seen in
this Figure, some crackle sound data had a value closer to
the normal bronchial centroid and vice versa. By using
city-block distance, six data went to the wrong cluster, so
the accuracy became 85%. On the other hand, by using
Euclidean distance, five data were grouped into a wrong
cluster in which the accuracy became 87.5%. The results
showed that although the H value for pulmonary crackle
was statistically different from the normal bronchial
sound, it still requires another feature for enhancing the
classification accuracy.

Some evaluations of lung sound characteristics had
been done in the earlier study. The chaotic dynamics of
respiration sound was reported in [9]. Lyapunov spectra,
correlation dimension, and Kaplan-Yorke dimension
indicated that respiratory sound had a chaotic behavior.
Meanwhile, Gnitecki and Mousavi tested fractality of
lung sounds using the Katz fractal dimension (KFD),
Sevcik fractal dimension (SFD), and the variance fractal
dimension (VFD)[10]. The results indicated that the
measurement KFD and SFD could lead to defining
respiratory sound as a fractal. With more lung sounds
properties revealed, it would be easier for researchers to
conduct further research. From these results, in future, it
will be explored a fractal dimension as a feature for the
classification of the various lung sound classes.

4. Conclusion

This paper presented the degree of self-similarity
measurement for pulmonary crackle sound. The results
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showed that pulmonary crackle sound was very strong
indicated as a self-similarity signal. Pulmonary crackle
sound also had a different degree of self-similarity
compare with a normal bronchial sound. Using K-mean
clustering, H value achieved a classification accuracy of
87.5% for normal and crackle sound data. This result
indicated a need for other features to enhance the
accuracy. Based on this result we can state that fractal
dimension can be used for the extraction of crackle sound
features for the next study
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