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A B S T R A C T

Background and objective: Wheezes in pulmonary sounds are anomalies which are often associated with ob-
structive type of lung diseases. The previous works on wheeze-type classification focused mainly on using fixed
time-frequency/scale resolution based on Fourier and wavelet transforms. The main contribution of the pro-
posed method, in which the time-scale resolution can be tuned according to the signal of interest, is to dis-
criminate monophonic and polyphonic wheezes with higher accuracy than previously suggested time and time-
frequency/scale based methods.
Methods: An optimal Rational Dilation Wavelet Transform (RADWT) based peak energy ratio (PER) parameter
selection method is proposed to discriminate wheeze types. Previously suggested Quartile Frequency Ratios,
Mean Crossing Irregularity, Multiple Signal Classification, Mel-frequency Cepstrum and Dyadic Discrete Wavelet
Transform approaches are also applied and the superiority of the proposed method is demonstrated in leave-one-
out (LOO) and leave-one-subject-out (LOSO) cross validation schemes with support vector machine (SVM), k
nearest neighbor (k-NN) and extreme learning machine (ELM) classifiers.
Results: The results show that the proposed RADWT based method outperforms the state-of-the-art time, fre-
quency, time-frequency and time-scale domain approaches for all classifiers in both LOO and LOSO cross vali-
dation settings. The highest accuracy values are obtained as 86% and 82.9% in LOO and LOSO respectively when
the proposed PER features are fed into SVM.
Conclusions: It is concluded that time and frequency domain characteristics of wheezes are not steady and hence,
tunable time-scale representations are more successful in discriminating polyphonic and monophonic wheezes
when compared with conventional fixed resolution representations.

1. Introduction

Auscultation with a traditional stethoscope is a widely used tool
with low diagnostic value due to its limited frequency response which
attenuates frequencies above 120 Hz [1], its subjectivity which depends
on the physician's experience and expertise, and its inability to record
sounds for further analysis. The need for a patient specific clinical de-
cision support system has become vital during recent years in the di-
agnosis of lung disorders with the additional need to decrease health-
care expenses [2,3].

Lung sounds may be categorized into two basic groups: vesicular
and adventitious sounds. Adventitious sounds which are usually in-
dicators of various lung diseases are either discontinuous, i.e. crackles,
or continuous, i.e. wheezes. Unlike crackles, wheezes are musical and
continuous in nature and have narrow representations in frequency

domain.
A lung sound segment is accepted as a wheeze, according to

American Thoracic Society (ATS) and Computerized Respiratory Sound
Analysis (CORSA), if its main frequency is higher than 400 and 100 Hz
and its duration is longer than 250 and 100ms, respectively [4–7]. On
the other hand, in the studies of [8,9], reported minimum duration is
80ms.

Wheezes are closely associated with diseases such as asthma and
chronic obstructive pulmonary disease (COPD) [7,10]. The severity of
the disease may be related to the duration, number and main frequency
of wheezes within a respiration cycle [7,11].

In literature, wheezes along with other adventitious lung sounds
classification problems are extensively examined and a summary can be
found in Refs. [8,12]. Wheeze/non-wheeze discrimination problem is
analysed using various feature extraction techniques such as cepstral
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analysis in Gaussian Mixture Model [13], de-trend and peak detection
in the time-frequency domain [14], Mel Frequency Cepstral Coefficients
and Gaussian Mixture Model [15], averaging power spectrum compo-
nents at certain frequencies [16], image processing based spectrogram
analysis [17], autocorrelation function based delay-coordinate embed-
dings [18], spectro-temporal analysis based on auto-regressive aver-
aging [19], wheeze signature in the spectrogram space and music in-
formation retrieval [20], Short Time Fourier Transform [21], Ensemble
Empirical Mode Decomposition [22], compressive sensing recovered
Short Time Fourier Spectrum and Hidden Markov Model [23]. Wheezes
can be classified as two types due to their time-frequency behaviours,
namely polyphonic and monophonic types. It is observed that poly-
phonic wheezes are usually caused by the pathology of small airways
and monophonic wheezes are caused by the pathology of larger airways
[24]. Monophonic (MP) wheezes, comprised of either single pitch fre-
quency or multiple pitch frequencies starting and ending at different
times, are believed to stem from single bronchial narrowing and may
related to asthma [25–27]. Polyphonic (PP) wheezes, composed of
harmonically unrelated multiple pitch frequencies starting and/or
ending simultaneously, on the other hand, are supposed to originate
from multiple central bronchial compression and are commonly related
to COPD [25,26,28]. An MP and a PP wheeze sample represented in
time-frequency (TF) domain may be depicted in Fig. 1. Despite ad-
vances made in the analysis of lung sounds, discrimination of multiple
MP and PP wheezes is still an open problem [29] since both are sinu-
soidal in nature.

In Ref. [25], it is reported that there are statistically significant
differences between MP and PP wheezes of the same pathology (asthma
or COPD) using wavelet based features, paving the way for classifica-
tion studies. In Ref. [25], continuous wavelet transform is applied to
monophonic and polyphonic wheezes with the aim of extracting non-
linear characteristics of wheezes and associating these characteristics
with the underlying pathology. Studies on MP-PP wheeze classification
problem are very few in literature. In Ref. [30], only nine monophonic-
polyphonic wheezes are detected using spectrogram based peak con-
tinuity, resulting in 89% accuracy. In Ref. [31], 92% F1 score (which is
the harmonic mean of precision and recall rates) is reached using
dominance spectrogram based on instantaneous frequency on normal,

monophonic, polyphonic and stridor classes whereas 72% F1 score is
obtained using the classical spectrogram on various numbers of
wheezes, ranging between 70 and 155. A recent work [32] using time
domain based higher order statistics (with a genetic algorithm based
feature selection step) reaches 91% classification accuracy using 102
wheezing sounds. In Ref. [33], 89% accuracy is obtained on 140
wheezes using dyadic Discrete Wavelet Transform (DWT) based fea-
tures with an additional feature selection step.

Our previous study [34] on this classification problem has led us to
explore robust and discriminative features for PP wheezes. In this work,
unlike previous studies which use fixed TF resolution based on Fourier
transform, we propose a tunable Rational Dilation Wavelet Transform
(RADWT) based technique to discriminate MP and PP wheezes by using
localized energy peaks which are calculated from wavelet coefficients.
The effectiveness of the proposed feature extraction method has been
demonstrated using three approaches; i) The accuracies of the classi-
fiers using the proposed tunable features and the fixed RADWT para-
meters are compared. ii) The feature set extracted using the proposed
method is fed to support vector machine (SVM), extreme learning
machine (ELM) and k-nearest neighbor (k-NN) classifiers with a view to
measure its robustness. iii) Previously suggested feature extraction
methods for MP/PP wheeze classification such as dyadic discrete wa-
velet transform (DWT) [33], Quartile Frequency Ratios (QFR) [34],
Mean Crossing Irregularity (MCI) [34], feature level fusion of QFR-MCI
and Multiple Signal Classification (MUSIC) [35] are applied to the same
dataset for a comparison with the results of the proposed method both
in LOO and LOSO cross validation settings. Properties of the database
are described in Section 2.1, while Section 2.2 gives the details of the
wavelet based method and Section 2.3 introduces the proposed method.
Section 3 and Section 4 consist of experimental results and discussion,
respectively whereas Section 5 is the conclusion.

2. Methods

2.1. Data acquisition and database

The 14-channel data acquisition system [36] designed at Boğaziçi
University Lung Acoustics Laboratory (BU-LAL) was utilized to record
wheeze sounds. Sampling rate was 9600Hz with each data recording
session lasting 15 s. Each subject had a nose clip and a flow-meter was
employed to measure airflow. An informed consent was taken from all
subjects before data acquisition. The data acquisition procedure had the
consent of the second Ethical Committee on Clinical Research of Is-
tanbul (in accordance with the Declaration of Helsinki). Wheeze sound
was collected from asthma and COPD patients who were under treat-
ment at the Istanbul Yedikule Teaching Hospital for Chest Diseases and
Thoracic Surgery. Database was comprised of seven male and four fe-
male subjects at the age of 52± 19. The subjects breathed sponta-
neously and were not forced to breathe at a predetermined flow rate in
order to be coherent with real clinical settings. Resulting average flow
rate was 0.72± 0.34 L s/ . The mean and standard deviation of the
pulmonary function test parameter scores were 66± 32 for FVC ,
52± 42 for FEV1 and 61± 21 for FEV FVC/1 . Wheeze sounds were la-
beled by visual verification of time expanded waveforms and auditory
inspection by an expert. The database consisted of 147MP and 153 PP
wheezes, where the duration of each segment was at least 80ms, to be
consistent with literature. The samples were measured from different
locations on the chest wall of the subjects to enrich the database in
terms of spatial variability.

2.2. Rational Dilation Wavelet Transform (RADWT)

According to definition, wheezes that occur with a single peak or
with the harmonics of a single basal peak are called MP wheezes, while
those with variable peaks that differ in harmonics are called PP wheezes
[29]. Due to the similarities between MP and PP wheezes,

Fig. 1. Time-frequency domain representation of MP (top) and PP (lower)
wheezes (Best viewed in color).
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discriminating multiple MP wheezes from PP wheezes is still an open
and important problem. When the severity of the pathology is very
strong, a fundamental (basal peak with high energy) signal can occur
with accompanying harmonics (peaks with lower energy) in MP
wheezes [25,29]. This MP pattern may be confused with PP wheezes in
which various peaks with relatively close energies show up. In order to
discriminate the MP and PP wheezes in time-scale domain, a wavelet
transform, in which the frequency selectivity of the sub-bands can be
adjusted, is needed. Therefore in this study, the Rational Dilation Wa-
velet Transform (RADWT) [37], which has finer and adjustable fre-
quency resolution with acceptable redundancy, is proposed as a sui-
table feature extractor for processing lung sounds.

The RADWT [37] is a frequency-domain (FFT based) design trans-
form which does not employ rational transfer functions and offers
greater design flexibility. Moreover, the RADWT is a rational (based on
non-dyadic dilations), fully discrete, approximately shift-invariant and
easily invertible transform. The non-dyadic (rational) behaviour of the
RADWT yields a range of Q-factors and redundancy factors. In the
RADWT, the Q-factor of wavelets, which controls the frequency re-
solution of the transform, is built upon three positive integers p, q and s
satisfying <p q1 and +p q s/ 1/ 1, where p and q are co-prime, and
their ratio (q p/ ) is the dilation factor of the wavelet transform.

In RADWT, the relation between the scaling ( t( )) and wavelet
( t( )) functions, where h n( )0 and g n( )0 are low and high pass filters
respectively, can be given as,

=t q p h n q
p

t n( ) ( / ) ( )
n

1/2
0

(1)

=t q p g n q
p

t n( ) ( / ) ( )
n

1/2
0

(2)

Mathematically, the frequency responses of h n( )0 (H ( )0 ) and g n( )0
(G ( )0 ) are given as [37],

=

( )
( ) ( )H

pq

pq( )

0, 1 ,

1 , ,

0 , ,

s q

a
b s q q

q

0

1

1

(3)

= ( )
( )

( )G s

s

( )

0 0, 1 ,

1 , ,

, ,

s

c
pa

pb s q
p
q

p
q

0

1

1

(4)

where

= =a
s p

b
q s p

1 1 , 1 1 1 1
(5)

the transition function ( ) is,

= + cos cos( ) 1
2

(1 ( )) 2 ( ) for [0, ] (6)

and ( )c is

=( ): 1 ( )c
2 (7)

The transition function, ( ), which is used to construct the tran-
sition bands of G ( )0 and H ( )0 , originates from Daubechies ortho-
normal wavelet filters with two vanishing moments. As it can be seen
from above equations, the bandwidth, center frequency and transition
bands of high-pass and low-pass filters are determined by using p, q and
s values. As the q p/ ratio approaches unity, higher number of decom-
position levels are needed. Therefore, the number of subbands (J) must
also be considered as an important parameter in the analysis. As seen in
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Fig. 2. Wavelet and frequency responses of two different (low-Q, a-c and high-Q factor, b-d) p, q, s and J parameters.
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Fig. 2 when the q p/ ratio approaches one (right side, b-d) the frequency
selectivity of the subbands gets better for middle and high frequencies
when compared with the low Q-factor analysis (left side, a-c) in which
the frequency selectivity of the subbands is limited.

2.3. Proposed optimal peak-energy-ratio parameter selection method

In order to discriminate wheeze types using energy localizations of
the harmonics, the peak energy points of these harmonics must be de-
termined. However, the location in the frequency axis, the amplitude
and the bandwidth of these peaks differ for each sample due to the
physiological properties of the lung and the mechanism of the pa-
thology. This results in a need for an optimal algorithm that can locate
peaks in TF domain for processing MP and PP wheezes. In the proposed
algorithm, the RADWT is applied to MP and PP wheezes by using a set
of various p, q, s and J values, which are given in Table 1, with an aim to
achieve an optimum representation. These 22 different parameter sets
are used as suggested in Ref. [37] and each different parameter set
induces a unique time-frequency representation. Using the same pre-
defined set of parameters offers a more objective comparison basis of
our proposed method. In this sense, optimum representation is defined
as two distinct and non-consecutive peaks, where one belongs to either
basal peak in MP wheezes or first peak in PP wheezes and the other
belongs to either a weak harmonic in MP wheezes or a second peak in
PP wheezes. In this context, energy of a peak indicates the localized
sub-band energy of wavelet coefficients obtained from the decomposi-
tion of MP or PP wheezes. The normalized energy of each sub-band is
calculated using the following steps:

(i) finding the absolute value of wavelet coefficients,
(ii) taking the square of these terms,
(iii) summing the squared terms giving the relevant sub-band energy

and
(iv) dividing the calculated energy of relevant sub-band by the total

signal energy for normalization.

The selected first and second peaks should not be consecutive, since
consecutive peaks can occur due to energy leakage between successive
bandpass filters of the wavelet transform as shown in Fig. 2 (upper side,
a-b).

The first selected peak, therefore, corresponds to the highest energy
carrying peak and the second is the second highest energy carrying non-
consecutive peak.

Then a metric termed as the peak-energy-ratio (PER) is defined as,

=PER Energy of the first selected peak
Energy of the second selected peak (8)

In Fig. 3, energy distributions of wheezes across sub-bands and
peaks are represented. For the RADWT analysis, 22 various p, q, s and J
value combinations, which are used in the decomposition stage of each
wheeze sample, are given in Table 1. For each set, two distinct and non-
consecutive peaks are found and the PER is calculated. As a result, for
each signal, 22 different PER values are obtained. The minimum PER
value is selected as the indicator of the best representation because it
means that the two peaks are correctly located while preserving max-
imum amount of their energies. In order to quantify the performance of

the proposed method, the chosen minimum PER metrics are employed
as features for discriminating MP and PP wheezes. The flowchart of the
proposed algorithm can be found in Fig. 4.

As a fair quantitative validation of the proposed PER feature, three
classifiers, k-NN, SVM and ELM are applied to both PER features and
previously used features with the aim of MP/PP wheeze discrimination.
k-NN is employed as a fast classifier which predicts the class of a new
test data by using the class labels of its k nearest neighbors in the
training feature space. k value is chosen from a set changing from 1 to
10 empirically, and Euclidean/city-block distances are used for mea-
suring the distance between the test and train samples. SVM [38], in
which an optimal separating hyperplane is employed to generate a
maximum margin between MP and PP wheeze samples, is used as the
second classifier. The optimum cost (C) and the kernel width para-
meters (γ) are set by using grid search for linear and radial basis
function (RBF) kernels [39].

Lastly, as a non-iterative method, ELM [40] with single hidden layer
feed forward neural networks is employed. In ELM, the input weights
are chosen randomly whereas the output weights are determined ana-
lytically. Due to its non-iterative character, ELM achieves a high gen-
eralization performance with an improved learning speed. For the ELM
case, the number of hidden neurons is set empirically from a range of
1–100 and sigmoid function is used for activation.

2.4. Previously used MP/PP wheeze discrimination approaches

MP/PP wheeze classification, which is a critical step in the diagnosis
of asthma [25–27] and COPD diseases [25,26,28], is a novel and open
problem [25,29] in pulmonary sound analysis literature [30–35]. The
feature extraction methods that are employed in MP/PP wheeze clas-
sification are mostly based on time domain [32,34] and frequency
domain [30,31,33–35] representations of lung signals. In our study, in
order to validate the performance of the proposed RADWT based PER
feature, previously suggested wavelet based methods are also applied to
our data-set with the aim of feature extraction. As the first comparison
method, Quartile Frequency Ratios (QFR [34]), which are the percen-
tile frequencies denoting the exact frequencies where the cumulative
power reaches 25, 50, 75 and 90% of total power in power spectral
density (PSD) of each sample, are calculated. In this approach, the aim
is to measure the power concentration of peaks in PSD which is more
localized for a single oscillation in MP wheezes and more distributed for
multiple oscillations in PP wheezes. In the calculation of PSD, Welch
method [41] using 50% overlapping for 256 points Hamming windows
is employed and Fast Fourier Transform size is 256. As the second
comparison, mean crossing irregularity (MCI [34]) measure is calcu-
lated to quantify the periodicity of MP and PP wheezes. In MCI, the
successive mean crossing intervals are defined as a random variable X,
and the standard deviation of this X, which is normalized by the mean
of X, is used as a feature. Additionally, as the third comparison ap-
proach, the feature level fusion of QFR and MCI features is employed in
order to benefit from both time and frequency domain information. The
dyadic DWT is a well known signal decomposition method in which the
frequency resolution is changed with the powers of two (dyadic). In
Ref. [33], six statistical features which were extracted from wavelet
coefficients are fed to an artificial neural network with the aim of
wheeze type discrimination, and therefore in our study the dyadic DWT

Table 1
Various p, q, s and J values used in analysis.

Set # 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

p 2 3 4 5 5 5 6 6 7 7 7 8 8 8 8 8 9 10 10 10 11 11
q 3 4 5 6 6 6 7 7 8 8 8 9 9 9 9 9 10 11 11 11 12 12
s 2 2 3 4 5 5 5 6 5 6 7 3 4 5 6 7 5 6 7 8 7 8
J 8 10 15 20 25 30 30 35 35 35 40 35 35 35 35 40 35 40 45 50 45 50
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based statistical features are extracted from our dataset and used as the
fourth comparison method. According to best parameters reported in
Ref. [33], bi-orthogonal 1.5 wavelet type with seven details and one
approximation is employed and energy, mean and standard deviation
statistical features are computed from wavelet coefficients and fed into
classifiers after normalization. As a baseline method [42], statistical
features based cepstral method is also experimented on our dataset. In
Ref. [42], the statistical features (mean and standard deviation) are
extracted from Mel Frequency Cepstral Coefficients (MFCCs) with the
order of 20 which are computed using 20, 50 and 70ms length frames
with 50% overlap and 1024-point Fast Fourier Transform (FFT). After
the normalization of extracted 20 features between [ 1,+ 1], classifi-
cation is performed in a leave-one-out cross validation scheme. Up to
this point, the time and frequency/scale based features are extracted in
the form to be used in a supervised learning paradigm. As a different
approach, Multiple Signal Classification (MUSIC [35]) algorithm, which
does not need a pre-training step and can be used in an unsupervised
way, is tested as the last comparison method. The MUSIC algorithm can
be employed to detect multiple frequencies by using the power density
spectrum of the processed signal even if the signal-to-noise ratio is very
low (in high-level noise) [43]. In MP/PP wheeze classification problem,
we use the MUSIC algorithm to detect the mono (in MP wheeze) or poly
(in PP wheeze) frequencies that form the signal of interest. Later, the
detected frequencies are counted and the signal is labeled as MP if the
number of the detected peak frequency number is one or PP if the
number of the detected peak frequencies is two. In MUSIC algorithm,
the maximum number of possible sinusoidal frequencies must be given
as a pre-defined parameter.

3. Results

The performance of the proposed method is initially evaluated by
examining the calculated PER values. Two non-consecutive distinct
energy peaks for both MP and PP wheezes are depicted in Fig. 3 with
the corresponding p, q, s, J and PER values. It is seen that for MP
wheezes high PER values are obtained, whereas relatively small PER
values are obtained for PP wheezes. In the PP case, each peak

corresponds to the activity of small airways whose energy capacity is
close while in the MP case the highest peak corresponds to a large
airway activity and latter peak mostly corresponds to a normal lung
activity or a leakage which has very small amount of energy. Therefore,
in the PP case, the ratio of distinct small airway energies results in small
PER values whilst in the MP case the ratio of a relatively large airway
energy and a small normal breath sound or leakage energy results in
high PER values. In Fig. 5, whisker plot of PER values with respect to
wheeze types is depicted where the PER values correspond to the
minimum values of the tested data samples after all the calculated PER
values using the parameter sets of Table 1 are scanned. The median
values of PER metrics for monophonic and polyphonic wheezes are
clearly far from each other with values of 22.01 and 2.41, respectively,
and this difference shows the discriminative power of PER metric in the
MP and PP classification problem.

In order to validate the need of an optimal method, the behaviour of
p, q, s and J combinations (parameter sets) having minimum PER values
in the proposed method is also investigated and it is seen that a fixed
parameter set did not perform distinctively better than the other
parameter sets. For each individual parameter set in Table 1, a sig-
nificant number of wheeze samples having the minimum PER values
was obtained and the distribution of wheeze sample number over
various parameter sets was nearly homogeneous as shown in Fig. 6.
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Additionally, in order to evaluate the performance of the proposed
method, the classification accuracies of fixed p, q, s and J parameter sets
(the same order as in Table 1) on the whole dataset are also given in
Table 2. In each column, the given accuracies are obtained when a fixed
(same) parameter set is employed during PER value calculation process
for the whole dataset in contrast to proposed optimal method. It is
shown that the highest classification accuracy (81.7%) is obtained with
19th parameter set in Table 1 using SVM radial basis function (RBF)
kernel in LOO setting. This is due to the fact that in Table 1, on the left-
side, the relatively lower Q-factor combinations and on the right side
relatively higher Q-factor combinations are represented therefore fre-
quency resolution increases from left to right.

Therefore, it is concluded that an optimal system is needed for op-
timum localization of different peaks due to subject specific TF prop-
erties of wheezes. Additionally, the accuracy of the SVM classifier ob-
tained with the proposed method is 82.6% and 86% respectively, when
the linear and RBF kernels are employed in a LOO scheme. This shows
that PER metric can be used as an indicator for discriminating MP and
PP wheezes and better TF representation can be achieved with the
proposed method when compared to fixed parameter method. Since

RBF kernel performs better than linear kernel, in Table 3, only SVM
with RBF kernel results are presented. A statistical test on the classifier
results of the proposed method is performed with paired samples t-test,
with p-values (the largest 0.0141) providing <p 0.05 condition.

In order to make a fair comparison among related methods and the
proposed method, leave-one-subject-out (LOSO) cross validation results
are given in Table 3 to provide person independent classification re-
sults. The proposed method achieved the best accuracy results (82.9%
with SVM) with all classifiers in LOSO setting which shows the gen-
eralization ability of the proposed method.

In order to show the effect of number of features on classifier
learning model, computation time results (in milliseconds) for SVM
classifier in a LOO setting which compare the computational com-
plexity of the all tested methods, are also shown in Table 3. The pro-
posed method has lower computation time (26ms.) for classifier
learning model when compared with related works since the proposed
method employs merely one feature.
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Fig. 6. Histogram of total, monophonic and polyphonic wheezes with minimum PER values obtained from the p, q, s and J parameter combinations given in Table 1.

Table 2
Classification accuracies (in %) of fixed p, q, s and J parameters for 22 combinations as defined in Table 1 using different classifiers. Bold values indicate maximum
accuracy of each row.

Classifier 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

SVM Linear 56 50.7 57 54.3 50.7 56.3 54.3 50.3 52.7 51.3 74.7 60.7 63 61.7 54 54.3 56 76.7 76.3 76 57 56
SVM RBF 56 54.3 62 72.3 76.3 77.3 75 79 77.3 76.3 79.3 75.3 79.3 76.3 79.3 77.7 75.7 80.3 81.7 80 76.3 75
k-NN 54.7 52.3 61 69.3 72.7 71 69.3 75 73.7 71.3 75.7 69.3 75.7 72.3 77 68.3 71.3 78.7 79 76 71 70.3
ELM 55.3 53 61.3 71 74.3 76 68.7 79.3 78 71 79.3 72.7 79 77.7 78.7 72.7 74.3 79.7 81.3 80.3 72.7 74.3

Table 3
Performance comparison of related works on MP-PP classification problem with the proposed method using various classifiers, cross validation techniques and
computation time (in ms.) of the classifier learning model.

Related Works Features LOO CV LOSO CV Comp.Time

SVM k-NN ELM SVM k-NN ELM

Hashemi et al. [33] Dyadic DWT 77 74.7 76.3 74.2 70.6 71.8 105
Ulukaya et al. [34] Time domain 76.3 74.3 76.7 72.9 69.3 71.2 26
Ulukaya et al. [34] Frequency domain 62.3 59 61.7 59.9 55.2 58.9 27
Ulukaya et al. [34] TF domain 78 75 77.3 76.1 72.5 75.3 32
Sengupta et al. [42] Statistical cepstral 81 78 79.7 78.3 74.6 76.2 202
Proposed Non-dyadic wavelet 86 84.3 85.3 82.9 80.6 81.9 26

Bold values indicate highest accuracies of cross validation methods over all classifiers.
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4. Discussion

There are relatively few groups [30–33] working on MP/PP wheeze
classification, although it is considered a critical problem [25,28,29] in
lung sound analysis. Therefore, a publicly available dataset, which can
be utilized to compare the performance of the proposed method in re-
lation to previous works, does not exist. Our proposed method is based
on wavelet transform therefore we have compared our results with our
previous works and other wavelet and Fourier based studies used in the
wheeze type classification. So the methods in Refs. [33–35,42] are
tested on our dataset for comparison. As represented in Table 3, the
proposed method using SVM with RBF kernel performs significantly
better than related works in literature. As seen in Table 3, proposed
method achieved higher accuracies than related works even using k-NN
classifier which shows the discriminative feature extraction ability of
the proposed method both in LOO and LOSO setting.

Dyadic DWT [33], which has limited frequency resolution at higher
frequencies, performed poorly when dealing with oscillatory types of
signals (high Q-factor) obtaining an accuracy of 77% for LOO and
74.2% for LOSO cross validation as shown in Table 3. Frequency do-
main approach QFR, time domain approach MCI and their feature level
fused time-frequency domain approach perform with 62.3%, 76.7% and
78% accuracies for LOO and 59.9%, 72.9% and 76.1% accuracies for
LOSO, respectively. Additionally, as a different approach, multiple
signal classification (MUSIC) algorithm [35] which does not need to
employ a classifier (unsupervised method) is also tested on our dataset
and 59.7% accuracy is obtained. Statistical features [42] extracted from
MFCCs showed poor performance (81% accuracy for LOO, 78.3% ac-
curacy for LOSO) as shown in Table 3. This is probably due the fact that
MFCC method based on Fourier Transform which has fixed time-fre-
quency resolution, may not be able to capture the discriminative
properties of the oscillatory types of sounds. From these experiments,
we observed the following inferences; i) the assumption in the use of
QFR is that in MP wheezes the total power is concentrated around a
single frequency, but in PP wheezes the total power is expected to
spread over several frequencies. Therefore, the percentile frequencies
are expected to be closer to each other for MP wheeze episodes as
compared to PP wheezes. However in reality, as depicted in Fig. 3, the
frequency of the two periodic waveforms may be very close, resulting in
a localized energy for PP wheezes and this closeness reduces the dis-
criminative power of this feature. ii) the assumption in the use of MCI is
that although both MP and PP wheezes are periodic in time domain,
MCI is expected to be lower for an MP wheeze episode since it is
composed of a single main frequency component. However, it is ob-
served that the frequency of the main component in MP wheeze is not
fixed and can get higher or equal frequency values when compared with
PP case, which may cause confusion in classifier learning models. iii)
the assumption in the use of MUSIC algorithm is that it can detect the
single (for MP wheezes) and multiple (for PP wheezes) periodic com-
ponents in pseudo-power spectrum of signals. However, in some PP
cases, the second or third periodic components have relatively lower
power. Therefore, in these cases, only one peak in the pseudo-spectrum
is found like in the MP cases. Generally, in the light of the foregoing
arguments, it can be reasoned that the proposed method achieves better

time-frequency representation and generalization ability than other
Fourier, time-domain and dyadic Discrete Wavelet Transform (DWT)
based methods due to its Q-parameter tunability property [33–35,42].

Moreover, to show the improvement achieved with the application
of the proposed approach, the classification results of our method are
compared with the classification results obtained when fixed p, q, s and
J parameters (in this context fixed means, the p, q, s and J parameters
are not changed during the feature extraction and classification pro-
cedure in contrast to the proposed method where a search is made for
the optimum set of parameters based on the minimum PER value) are
employed in the wavelet analysis. It is observed that approximately 4%
improvement is obtained by using the proposed method (86% accuracy)
when it is compared with the best fixed (81.7% accuracy in Table 2)
parameter set (p=10, q=11, s=7 and J=45).

Individual classification accuracies obtained with the proposed ap-
proach for MP and PP wheezes are 81.6% and 90.9% (the harmonic
mean of these two values gives the overall accuracy as 86%) respec-
tively as given in Table 4 in more detail as a confusion matrix. This
demonstrates the effectiveness of the proposed method for representing
PP wheezes when compared with other wavelet based methods. In the
classification method context, it is shown that the RBF kernel gives
better results than linear kernel, and it is suggested to use non-linear
kernel when the number of features (only one PER value in the pro-
posed approach) is small [39].

When the advantages of the proposed method over previous studies
are examined, the following points may be noted. In the proposed
method with only one feature (PER value), high accuracy values in MP
and PP wheeze classification problem are obtained, while in Ref. [32]
166 features and in Ref. [33] 15 features were used. Additionally, as
opposed to the proposed method, to increase the classification perfor-
mance, in Refs. [32,33], an extra feature selection step was employed.
In the proposed method, the number of wheeze samples (300 segments)
used is significantly higher than in the other works given in literature
(in Ref. [30] 9, in Ref. [31] 155, in Ref. [32] 102 and in Ref. [33] 140
segments). As a final remark, the proposed method has lower compu-
tational cost in the classification step when compared with the other
previously suggested methods since their classifiers need a higher
number of features to train their models.

5. Conclusion

Monophonic (MP) and/or polyphonic (PP) wheezes in a respiration
cycle occur in pathologies such as asthma and chronic obstructive
pulmonary disease. When the time-frequency (TF) characteristics of MP
and PP wheezes are investigated, it is observed that the MP wheezes are
composed of signal components which have single pitch frequency or
multiple pitch frequencies starting and ending at different times. On the
other hand, PP wheezes are composed of signal components which have
harmonically unrelated multiple pitch frequencies and have the same
starting and/or ending points. In this study, different TF behaviours of
MP and PP wheezes have led to a non-dyadic wavelet based feature
extraction method which is proposed to solve the MP-PP wheeze clas-
sification problem. The performance of the proposed method is com-
pared with traditional time, frequency, TF and dyadic DWT based
feature extraction methods quantitatively by using various classifica-
tion algorithms, and the results verify the superiority of the proposed
method over other wavelet based feature extraction methods in wheeze
type classification literature in terms of accuracy, feature number and
hence computational time. Moreover, it is inferred that using merely
one feature decreases the computational complexity of the classification
model, making the proposed algorithm a strong candidate for real time
medical decision support systems.
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Table 4
Confusion matrix and individual accuracies (in %) of the proposed
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MP 81.6 18.4
PP 9.1 90.9
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