S

ELS

Since January 2020 Elsevier has created a COVID-19 resource centre with
free information in English and Mandarin on the novel coronavirus COVID-
19. The COVID-19 resource centre is hosted on Elsevier Connect, the

company's public news and information website.

Elsevier hereby grants permission to make all its COVID-19-related
research that is available on the COVID-19 resource centre - including this
research content - immediately available in PubMed Central and other
publicly funded repositories, such as the WHO COVID database with rights
for unrestricted research re-use and analyses in any form or by any means
with acknowledgement of the original source. These permissions are
granted for free by Elsevier for as long as the COVID-19 resource centre

remains active.



Biomedical Signal Processing and Control 63 (2021) 102173

Contents lists available at ScienceDirect

Biomedical
Signal Processing
and Control

Biomedical Signal Processing and Control

journal homepage: www.elsevier.com/locate/bspc

ELSEVIER

Check for

An automated snoring sound classification method based on local dual octal &&=
pattern and iterative hybrid feature selector

Turker Tuncer *, Erhan Akbal, Sengul Dogan

Department of Digital Forensics Engineering, Technology Faculty, Firat University, Elazig, Turkey

ARTICLE INFO ABSTRACT

Keywords:

Local Dual Octal Pattern
Snoring sound classification
ReliefF and iterative NCA
Discrete wavelet transform
Sound analysis

In this research, a novel snoring sound classification (SSC) method is presented by proposing a new feature
generation function to yield a high classification rate. The proposed feature extractor is named as Local Dual
Octal Pattern (LDOP). A novel LDOP based SSC method is presented to solve the low success rate problems for
Munich-Passau Snore Sound Corpus (MPSSC) dataset. Multilevel discrete wavelet transform (DWT) decompo-
sition and the LDOP based feature generation, informative features selection with ReliefF and iterative neigh-
borhood component analysis (RFINCA), and classification using k nearest neighbors (kNN) are fundamental
phases of the proposed SSC method. Seven leveled DWT transform, and LDOP are used together to generate low,
medium, and high levels features. This feature generation network extracts 4096 features in total. RFINCA selects
95 the most discriminative and informative ones of these 4096 features. In the classification phase, kNN with
leave one out cross-validation (LOOCV) is used. 95.53% classification accuracy and 94.65% unweighted average
recall (UAR) have been achieved using this method. The proposed LDOP based SSC method reaches 22% better
result than the best of the other state-of-the-art machine learning and deep learning-based methods. These results
clearly denote the success of the proposed SSC method.

1. Introduction

Snoring is one of the common sleep problems for humans. It nega-
tively affects the sleep partner and sleep quality of the person [1-3]. If
snoring is not treated, health risks such as insomnia, psychological
problems, heart conditions, and sleep apnea can occur [4]. People snore
unconsciously during sleep, and snoring is caused by some problems in
the respiratory system [5,6]. It is formed by the vibration of the tissues
between the palate and the small tongue while breathing. Snoring is not
a disease alone [4].

However, it negatively affects the quality of life of the person. Low
sleep quality causes poor performance during the day. During sleep,
there is a decrease in the amount of oxygen in the blood from snoring.
This may reveal the risks of various health problems [7,8]. It can be the
underlying cause of health problems such as heart conditions, hyper-
tension, stroke, diabetes. It can also cause deterioration of family re-
lationships. Snoring is a treatable problem [9-11]. Treatment of this
problem is possible with therapies and surgical interventions. The
application of the treatment depends on the correct determination of the
source of the snoring problem. Therefore, Drug-Induced Sleep
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Endoscopy (DISE) is applied for diagnosis before treatment. The
long-term video recordings have been examined to diagnose snore type
[12]. This technique has a high time cost and not comfortable for the
person since the drug is used. When the diagnosis is unsuccessful, this
process is repeated. Detecting snoring problems with automatic classi-
fiers using sound signals is a much faster and more comfortable method
[13,14]. Computer-aided automatic detection systems increase the
success of accurate diagnosis and treatment. Snoring sound signals can
be analyzed to diagnose the sleep diseases of the person. Snoring sounds
are irregular, and frequency bands differ from person to person. It is
difficult to distinguish breath sounds [15]. Therefore, it is necessary to
recommend a general snore sound classification method [16]. There are
many studies about snore sound classification in the literature, and some
of them are listed in Table 1.

The used abbreviations in Table 1 are given as follows. SVM: support
vector machine [28], HOG: histogram of oriented gradients [29], GRU:
gated recurrent unit [30], MFCC: Mel-frequency cepstrum coefficients
[31], CNN: convolutional neural networks [32], LBP: local binary
pattern [33], RNN: recursive neural network [34], GMM: Gaussian
mixture model [35], DNN: deep neural network [36], SCAT: deep
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Table 1
Literature Review about snore sound classification.

Studies  Year Method Dataset Criteria and result
Unweighted Average
[171 2017 MFCC, ELM, SVM MPSSC [14] Recall (UAR)
49.38%
CNN and Alexnet, UAR
[18] 2017 VGG19 MPSSC [14] 67.0%
UAR
19 1
[19] 2018  LBP and HOG MPSSC [14] 66.5%
UAR
2 1
[20] 2017 Deep CNN MPSSC [14] 79.6%
UAR
[14] 2018 SVM, MFCC MPSSC [14] 55.8%
. Accuracy,
[211 2019 RNN ;hi‘r . Sensitivity, F1 Score
atase 99.2%
UAR
22 1
[22] 2017 SVM MPSSC [14] 49.58%
[23] 2017 GMM, SCAT and DNN MPSSC [14] UAR
? 69.71%
A3-Snore Average Precision
2.
(241 2020 CRNN dataset [24] 94.92%
[25] 2018 CNN- Dual Conv. GRU MPSSC [14] UAR
63.8%
§ Conditional Generative UAR
(20l 2019 Adversarial Networks MPSSC [14] 67.4%
[27] 2019  Wavelet Features MPSSC [14] UAR
69.4%
i Their Recognition Rate
2 2020 SVM Dataset 91.14%

scattering spectrum [37], CRNN: convolutional recurrent neural net-
works [38].

Our presented feature extraction function is named Local Dual Octal
Pattern (LDOP). A multileveled feature generation network is presented
using LDOP and multileveled discrete wavelet transform (DWT) [39,40]
with syma8 filter. ReliefF [41,42] and iterative neighborhood component
analysis [43] (RFINCA) method selects the most informative and
discriminative features. KNN [44,45] classifier is used in the classifica-
tion phase, and the testing-validation strategy is selected to leave one
out cross-validation (LOOCV) [46].

Our main motivation is to solve the classification problem of the
snore types on the MPSSC dataset. As can be seen from Table 1, previ-
ously presented automatic snoring sound classification (SSC) methods
did not achieve high success rates on MPSSC. Therefore, we presented
this LDOP and RFINCA based SSC method. The contributions of our SSC
method are given below.

e SSCis one of the difficult problems for machine learning methods. A
novel feature extractor (LDOP) is presented to solve this problem
using this model.

e The optimal number of features selection problems is solved using
the RFINCA feature selector.

e A high accurate SSC method is presented using the proposed LDOP
and RFINCA together. General results are also presented using the
LOOCYV validation and testing strategy. The proposed LDOP based
SSC method achieves approximately 22% higher classification rates
to the best of others.

2. The used snore sound dataset

The MPSSC dataset was presented at the INTERSPEECH 2017
Computational Paralinguistic Challenge. Dataset was collected from
patients who used DISE. Snoring sounds were collected by three different
medical centers. These sounds were labeled in four classes. These four
classes are named as VOTE [14]. V, O, T, and E represent vibration levels
of Velum, oropharyngeal area, tongue, and epiglottis, respectively [47].
The collected sound signals were preprocessed to 16 bit with 16 kHz

Biomedical Signal Processing and Control 63 (2021) 102173

frequency [14]. There are 828 sounds in this dataset with three main
folders (train, development, test). The attributes of the used dataset are
given in Table 2.

3. Local dual octal pattern

The proposed LDOP is utilized as the primary feature generation
function of this model. The main objective of the LDOP is to generate
discriminative features from a sound signal. It is a one-dimensional
feature generation function. It uses two octal blocks and one center
value. Therefore, 17 sized overlapping blocks are utilized for feature
generation. The used overlapping block is shown in Fig. 1. To better
express this method, steps are given below.

Step 1: Divide sound signal into 17 sized overlapping windows.

window' = sound(i : i +16), t = {1,2,...,L — 16}, i = {1,2,...,L} 1)

where window" represents tth overlapping window with a size of 17, i,
and t are index values.

Step 2: Assign center value and contamination area of it.

Step 3: Generate the left and right bits using the signum function.

bit"" (i) = sig(window(9), window(i) ), i = {1,2,...,8} )
bit"™" (i) = sig(window(9), window(9 + i) ) 3
. 0,s—d<0

szg(s;d):{l’j_dio )

where sig(,.), s and d define the signum function, the first input, and the
second input of the signum function. The values are utilized as the im-
mune power of these elements. If the immune power of the center value
bigger than other values, it can infect them. Therefore, the signum
function is selected to generate binary features.

Step 4: Calculate decimal left and right values.

8
lefi(t) = > bit” (i)s2" ®)
-1

8
right(t) =Y bit"™" (i)«2"" (6)
i=1

Step 5: Extract histograms of the left and right signals. These signals
are coded with 8-bits. Therefore, the length of their histograms is
calculated as 2% = 256. Therefore, two arrays are defined as left, and
right histograms and initial values of them are assigned as zero. Histo-
grams calculation phase is described in Eqgs. 7-8 mathematically.

hist" (left(t) ) = hist“" (left(t) ) + 1 )
hist™" (right(t) ) = hist™" (right(t) ) + 1 (8)

where hist®® and hist™8" represent left and right histograms.
Step 6: Concatenate the extracted left and right histograms to obtain
a feature vector with a size of 512.

featvec(j) = hist (j), j = {1,2,...,256} (C)]

Table 2

The properties of the used MPSSC dataset [47]. The MPSSC has three folds, and
these are train, development, and test. There are four classes, and these classes
are named V, O, T, and E.

Class Name Train Development Test Total
V (Velum) 168 161 155 484
O (Oropharyngeal) 76 75 65 216
T (Tongue) 8 15 16 39

E (Epiglottis) 30 32 27 89

Total 282 283 263 828
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Fig. 1. The used 17 sized windows. The 9th value of this window assigned as center value and contamination area of it is shown. The contamination area is

categorized into two groups, and these groups are called left and right.

featvec(j + 256) = hist"" (j) (10)

where featvec defines feature vector.

As it can be seen in these five steps, the proposed LDOP generates
512 features. In the proposed SSC method, the LDOP is utilized as a
fundamental feature generation function. The procedure of the proposed
LDOP is also shown in Fig. 2 to implement this method easily.

Feature generation is processed using the defined LDOP procedure.

4. Proposed snore sound classification method

A new SSC method is presented in this paper. The primary compo-
nents of this SSC method are the multilevel feature generation, feature
selection using RFINCA, and classification with LOOCV. To present a
multilevel feature generation network uses the proposed LDOP feature
generator as a primary feature extraction function and DWT [48]. Here,
DWT is utilized as a decomposition/level creation method. To generate
features, LDOP is applied to each level. ReliefF and NCA are
weight-based feature selectors. RFINCA is presented to use effectiveness
both of them and select the optimal features automatically (without
using trial and error method). In the classification phase, a con-
ventional/shallow classifier (KNN [44,45]) is used. The LOOCV is used
to obtain general results.

Graphical illustration of the proposed LDOP and RFINCA based SSC
method is shown in Fig. 3.

This method uses a multileveled feature extraction network. LDOP is
utilized as a feature extraction function, and 7-leveled one dimensional
DWT with Symlet 8 filter is used as a decomposition method. This
network has eight levels (we used raw snoring sound and seven low pass
filters of it), and LDOP extracts 512 features from each level. Therefore,
4096 features are generated using the proposed LDOP and DWT based
feature generation network. Two feature selectors are used in the feature
selection phase. These are ReliefF [41,42] and NCA [49,50]. Both of
them have weight calculation capability using a distance-based fitness
function. Therefore, each feature is normalized to use these feature se-
lectors effectively. While NCA generates positive weights, ReliefF can
generate both positive and negative weights. The generated negative

Procedure: LHDP(SS)

Input: Sound signal (SS) with size of M.

Output: Feature vector (featvec) with size of 512.

weighted features with ReliefF can be assigned as superfluous features.
Therefore, ReliefF is applied to extracted and normalized 4096 features.
Superfluous features are eliminated using generated weights with
ReliefF. One of the fundamental problem of the NCA is to not select
optimum number of features automatically. To solve this problem, an
iterative method is used and kNN is utilized as loss value calculator in
this phase. In this work, ReliefF selected 2553 of these 4096 features and
iterative NCA select 95 of the selected 2553 features. These selected 95
features are utilized as input of the kNN classifier. LOOCV is selected for
training and testing. Steps of the proposed LDOP and RFINCA based SSC
method are given in below.

Step 0: Load snoring sound (SS).

Step 1: Apply 7 leveled DWT to SS applying symlet 8 filter.

[L', H'] = DWT(SS, sym8) 11)
[L¢, H®] = DWT (LS, sym8), G = {2,3,...,7} 12)

where L¢ and HE are Gth leveled low pass filter and high pass filter sub-
bands, respectively. DWT(.,.) defines DWT function, and sym8 is symlet
8 filter.

Step 2: Generate features using LDOP. Details of the LDOP are
explained in Section 3, and the pseudo-code of this procedure is shown
in Fig. 3.

ft' = LDOP(SS) 13)
fif =LDOP(L™"), T ={2,3,...,8} a4

where ft7 is feature vector of the Tth level.
Step 3: Concatenate the generated features and obtain a 4096 sized
feature vector (fv).

MG — Dx512+0) =f7(), j = {1,2,...,8} 15)

The steps 1-3 defines LDOP and DWT based feature generation
networks.
Step 4: Apply min-max normalization to fv.

00: Load SS
01: for i=1 to M-16 do

04: forj=1to8do

02:  window = SS(i:i + 16); // Divide SS into 17 sized overlapping blocks.
03:  left(i) = 0; right(i) = 0; // Assign initial values as 0.

05: right(i) = right(i) + (window(9) - window(j)) x2/71,
06: left(@) = left(i) + (window(9) — window (9 + j)) » 2/71;
07:  end forj

08: end for i

09: Extract histograms of the right and left signals.

10: Concatenate these signals and obtain feature vector with size of 512.

Fig. 2. LDOP feature generation procedure.
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Fig. 3. Graphical summarization of the proposed LDOP and RFINCA based method.

i min(fv)
X= max(fv) — min(fv) 16)

where X denotes normalized features.

Step 5: Calculate weights of the ReliefF using ReliefF function, X and
target (actual classes). Using these weights, choose positive weighted
features.

w" = ReliefF (X, target, 10) a7)
counter = 1 1s)

X?(counter) = X (i) and counter = counter + 1, if w'(i) >0, i

={1,2,...,4096} 19)

where w" is weights of the ReliefF, X* defines positive weighted features.
Step 6: Apply NCA to X* and calculate the sorted index of the fea-
tures.

index = NCA(X® | target, sgd) (20)

where sgd is stochastic gradient descend optimization function. In the
NCA, initial weights are assigned randomly. Then, these weights are
updated using a Manhattan distance based fitness function and an
optimization method.

Step 7: Use the iterative feature selection procedure and calculate the
loss value of each selected feature. In this step, a range of the number of
features is determined to decrease computational cost. Our range is from
40 to 540. Optimal features are selected using minimum loss valued
features. Egs. 21-24 defines Step 7 mathematically.

feat® (i) = X" (index(i) ), K = {1,2,...,501}, i = {1,2,...,K+39}  (21)

loss(K) = kNN (feat® , target, 1, Manhattan) (22)
[mini, ind] = min(loss) (23)
feature(i) = X" (i), i = {1,2,...,ind + 39} (24)

where featX is Kth selected features by NCA, kNN(., ., .) represents kNN
classifier, and parameters of it are used features, target, k value, and
distance metric, respectively. mini and ind define minimum loss value
and index of the minimum value.

Step 8: Classify final selected features (feature) using kNN classifier. k
value, distance metric, and testing and training strategy of this classifier
are 1, Manhattan distance, and LOOCV, respectively. The results are
calculated using this classifier.

5. Results

In this work, we used a publicly and freely published snore sounds
dataset, and it is called as MPSSC. This dataset contains 828 snore

sounds with 4 (classes of the MPSSC are V, O, T, E) classes. These sounds
are divided into three categories, and these categories are named as
training, testing, and development. In the previously presented methods
which used the MPSSC dataset, two of these three categories were used
for training, and one of them was used to tests. In this work, a novel
training and testing strategy is used. We used all of the sound signals,
and testing and training were processed using LOOCV. Here, all of the
sounds have been used (testing, training, and validation). Using LOOCV,
a general result of the model was achieved. For example, Janot et al.

[14] presented six results (P ( 2 ) = 6). Using 6 results, evaluation of the

used machine learning model on this dataset is difficult. Because, 6
different success rates are calculated for a dataset. Therefore, LOOCV
was used to obtain a general result for these three categories. MAT-
LAB2019b programming environment was used on a desktop computer
to implement our proposed SSC method. This desktop computer has
Windows 10.1 operating system, i7 7th generation 3.2 GHz micropro-
cessor, and 16 GB main memory. The proposed LDOP and DWT based
feature generation network. RFINCA feature selector were coded using
MATLAB m files. In the classification phase, we used MATLAB Classifi-
cation Learner (MCL) toolbox. In the MCL toolbox, there are only hold
out validation and k-fold cross-validation testing and training options.
Therefore, we selected a k-fold cross validation option, and k was set as
10. Fine kNN classifier was selected, and the distance metric of it chosen
as the city block (Manhattan). Then, the source code of the used Fine
kNN was generated, and the k-fold section was changed as 828 to
calculate the LOOCV result of this classifier. UAR was used as an eval-
uation metric in previously presented SSC methods. However, we used
UAR, unweighted average precision (UAP), F1 score using UAR and
UAP, the geometric mean of the recall values, and classification accu-
racy to evaluate our proposed LDOP and RFINCA based SSC method
comprehensively. The used procedure to calculate these performance
metrics is shown in Fig. 4 [51-53].

With the performance procedure, which is shown in Fig. 4, accuracy,
UAR, UAP, F1-score, and geometric mean values of the proposed LDOP
and RFINCA based method were calculated, and the obtained results
were listed in Table 3.

To validate these results, which are shown in Table 3, we demon-
strated the confusion matrix of our SSC method was shown in Table 4.

6. Discussions

This paper proses a novel LDOP and RFINCA based SSC method.
Automated SSC is crucial to detect sleeping activities. Therefore, we
presented a novel automated classification method, and this classifica-
tion method was tested on the MPSSC database. Many methods were
used this database to test their models. A new feature generation func-
tion is presented and it is named LDOP. LDOP and DWT feature
extraction network generated 4096 features to obtain high, medium,
and low levels features. RFINCA selected the most informative features.
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Procedure: performance(pred, target)
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Input: Predicted values (pred) with size of 828, target (target) with size of 828.
Output: Accuracy (acc), UAR (R), UAP (P), F1-score (F1), geometric mean (gm).

04: for i=1 to m do

07: gm = gm xrecall(i);
08: acc = acc+ C(i,i);
09: end for i

10: gm = "/gm

12: UAR = % . recall(i);
13: UAP = iZ{Zl precision(i);

14: F1 = (2 * UAR * UAP) /(UAR + UAP);

01: Calculate confusion matrix (C) by using pred and target
02: [m, m] = size(C); // Calculate size of the C

03: gm = 1; acc = 0; // Define initial value of gm and acc.

05:  recall(i) = C(i,i)/sum(C(i,:)); // TP/ (TP + FN)
06: precision(i) = C(i,i)/sum(C(:,i)); // TP/ (TP + FP)

11: acc = acc/sum(sum(C)); // (TP +TN)/ (TP + FP + TN + FN)

Fig. 4. The procedure of the performance metrics calculations.

Table 3

Results (%) of the proposed LDOP and RFINCA based

SSC method.
Performance metric Result
Accuracy 95.53
UAR 94.65
UAP 95.84
F1-score 95.24
Geometric mean 94.61

Table 4
Confusion matrix of the proposed LDOP and RFINCA based method.
Actual class Output class Recall (%)
\% (0] T E
\% 474 8 1 1 97.93
o 19 195 1 1 90.28
T 2 0 37 0 94.87
E 3 1 0 85 95.51
Precision (%) 95.18 95.59 94.87 97.70 95.53

The size of the selected final feature vector is 95 in this work. MPSSC is a
heterogeneous dataset. Especially, there are a fairly small number of
observations in the T and E classes. Also, achieving high recall is very
hard for V and E classes employed conventional feature extraction
methods. Another problem of this dataset is to obtain 6 variable results
using training, testing, and development partitions. To solve these
problems, a LDOP and RFINCA based SSC method is presented, and
results were obtained using LOOCV. Our feature extraction and selection
methods are very powerful because we achieved 95.53% accuracy
94.65% UAR values using kNN classifier. Boxplot analysis was used and
results shown in Fig. 5 to show the classification capabilities of these
features.

Statistical attributes of the features are shown using boxplot. The

relationship of the features can be seen in Fig. 5. The statistical attributes
of these features of each class are clearly denoted that these features are
separable because they have different shapes.

The proposed LDOP and RFINCA based SSC method was also
compared to other methods, and the obtained comparatively results
were listed in Table 5.

The benefits of the proposed method are given below.

e A high accurate SSC method is presented. High classification accu-
racy and UAR were achieved using the proposed LDOP, and RFINCA
based SSC method (See Table 3 and Table 4).

e The proposed LDOP and RFINCA based SSC method uses hand-
crafted features. It has a multileveled feature generation network,
but the computational complexity of this feature generation network
is O(nlogn). Also, a feature range was used to decrease the time cost
in the RFINCA. Therefore, this method is a lightweight method.

¢ Any metaheuristic optimization methods for instance genetic algo-
rithm, particle swarm optimization, artificial bee colony were not
used to increase the success of the proposed method.

e The automatic optimal feature selection problem was solved with
RFINCA.

e We used LOOCV as a training and validation strategy to solve the

low-performance problem on the MPSSC. LOOCYV is the most robust

training and validation strategy because there is no random assign-
ment in the LOOCV. Therefore, our SSC method is robust.

The proposed LDOP and RFINCA based SSC method outperformed.

Table 5 denoted that our SSC method reached approximately 22%

higher UAR than the best of others. Also, we achieved higher clas-

sification rates than deep learning methods without set millions of
parameters.

The results were given comprehensively using five performance

metrics.
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Fig. 5. Graphical illustration of the statistical attributes of the extracted and selected 95 most informative features according to classes. Here, blue boxes represent
differences of quartile 3 (Q3) and quartile 1 (Q1), red line denotes mean value, red pluses are upper or lower values of [Q1, Q3] range.

Table 5

UAR results (%) of the proposed method and other state-of-art methods.
References Year Method UAR
[17] 2017 MFCC, ELM, SVM 49.38
[18] 2017 CNN and Alexnet, VGG19 67.0
[19] 2018 LBP and HOG 66.5
[20] 2017 Deep CNN 72.6
[14] 2018 SVM, MFCC 55.8
[22] 2017 SVM 49.58
[23] 2017 GMM, SCAT and DNN 69.71
[25] 2018 CNN- Dual Conv. GRU 63.8
[26] 2019  Conditional Generative Adversarial Networks 67.4
[27] 2019  Wavelet Features 69.4
Our method LDOP, multilevel DWT, RFINCA and kNN with 94.65

LOOCV

7. Conclusions

To achieve high classification performance on the MPSSC dataset is
very hard because it was collected from many subjects in several medical
centers. A novel SSC method was presented to overcome this problem.

windows to extract 512 features. As it known from the literature, DWT is
one effective decomposition method for sounds. Therefore, the proposed
feature generation network was created using the proposed LDOP and
DWT together. RFINCA selected optimal features automatically, and
these features were classified using kNN with LOOCV. We used five
performance metrics to evaluate the proposed method comprehensively.
Accuracy, UAR, UAP, Fl-score, and geometric mean values of our SSC
method were calculated as 95.53%, 94.65%, 95.84%, 95.24%, and
94.61% respectively. The achieved results compared to other methods
and approximately 22% higher classification rate was reached than the
best of others (See Table 5). Results clearly demonstrated that the per-
formance of the MPSSC database classification problem was increased
incredibly.

8. Future directions
Our future directions are;
e Novel automated SSC applications can be presented/developed using

the proposed LDOP and RFINCA method. Sleep activities and quality
can be detected using this application. Sleep apnea can also be

This SSC method has a feature generation, feature selection, and clas-
sification phases. We inspired by the Covid-19 contamination rate to
propose a feature extractor. Therefore, we used 17 sized overlapping

diagnosed with this automated SSC application.
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e The proposed LDOP and RFINCA based method can be used to solve
other signal processing and sound classification problems.

e Nonparametric (automatic) new generation feature selectors can be
presented.

e Bigger snore sounds dataset can be collected to automated diagnose
some diseases.

Funding
No funding was received for this work.
Intellectual property

We confirm that we have given due consideration to the protection of
intellectual property associated with this work and that there are no
impediments to publication, including the timing of publication, with
respect to intellectual property. In so doing we confirm that we have
followed the regulations of our institutions concerning intellectual

property.
Research ethics

We further confirm that any aspect of the work covered in this
manuscript that has involved human patients has been conducted with
the ethical approval of all relevant bodies and that such approvals are
acknowledged within the manuscript.

Approval was obtained (required for studies and series of 3 or more
cases)

Authorship

All listed authors meet the BIOMEDICAL SIGNAL PROCESSING AND
CONTROL criteria. We attest that all authors contributed significantly to
the creation of this manuscript, each having fulfilled criteria as estab-
lished by the BIOMEDICAL SIGNAL PROCESSING AND CONTROL.

One or more listed authors do(es) not meet the BIOMEDICAL SIGNAL
PROCESSING AND CONTROL criteria.

We confirm that the manuscript has been read and approved by all
named authors.

We confirm that the order of authors listed in the manuscript has
been approved by all named authors.

CRediT authorship contribution statement

Turker Tuncer: Conceptualization, Methodology, Software, Vali-
dation, Visualization, Supervision. Erhan Akbal: Validation, Formal
analysis, Investigation, Writing - original draft, Writing - review &
editing. Sengul Dogan: Conceptualization, Investigation, Resources,
Data curation, Project administration.

Declaration of Competing Interest
No conflict of interest exists.

References

[1] M.N. Markandeya, U.R. Abeyratne, C. Hukins, Characterisation of upper airway
obstructions using wide-band snoring sounds, Biomed. Signal Process. Control 46
(2018) 201-211.

[2] D. Pevernagie, R.M. Aarts, M. De Meyer, The acoustics of snoring, Sleep Med. Rev.
14 (2010) 131-144.

[3] T. Jones, M. Ho, J. Earis, A. Swift, P. Charters, Acoustic parameters of snoring
sound to compare natural snores with snores during ‘steady-state’propofol
sedation, Clin. Otolaryngol. 31 (2006) 46-52.

[4] E. Lugaresi, Snoring, Electroencephalogr. Clin. Neurophysiol. 39 (1975) 59-64.

[5] S. Agrawal, P. Stone, K. Mcguinness, J. Morris, A. Camilleri, Sound frequency
analysis and the site of snoring in natural and induced sleep, Clin. Otolaryngol.
Allied Sci. 27 (2002) 162-166.

(6]

71

(8]

[9]

[10]

[11]

[12]
[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]
[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]
[35]
[36]

[37]

Biomedical Signal Processing and Control 63 (2021) 102173

W.-H. Liao, Y.-K. Lin, Classification of non-speech human sounds: feature selection
and snoring sound analysis, 2009 IEEE International Conference on Systems, Man
and Cybernetics: IEEE (2009) 2695-2700.

P.E. Brockmann, O. Bruni, L. Kheirandish-Gozal, D. Gozal, Reduced sleep spindle
activity in children with primary snoring, Sleep Med. 65 (2020) 142-146.

J. Wang, C. Janson, E. Lindberg, M. Holm, T. Gislason, B. Benediktsdottir, et al.,
Dampness and mold at home and at work and onset of insomnia symptoms, snoring
and excessive daytime sleepiness, Environ. Int. 139 (2020), 105691.

K.E. Macarthur, T.D. Bradley, C.M. Ryan, H. Alshaer, Dissociation between
objectively quantified snoring and sleep quality, Am. J. Otolaryngol. 41 (2020),
102283.

S.A. Mickelson, Oral appliances for snoring and obstructive sleep apnea,
Otolaryngol. Clin. North Am. (2020).

A. Yamasaki, P.A. Levesque, R.W. Lindsay, Improvement in snoring-related quality-
of-Life outcomes after functional nasal surgery, Facial Plastic Surg. Aesthetic Med.
22 (2020) 25-35.

C. Wang, J. Peng, X. Zhang, A classification method related to respiratory disorder
events based on acoustical analysis of snoring, Arch. Acoust. (2020) 141-151.

M. Jung, S. Chi, Human activity classification based on sound recognition and
residual convolutional neural network, Autom. Constr. 114 (2020), 103177.

C. Janott, M. Schmitt, Y. Zhang, K. Qian, V. Pandit, Z. Zhang, et al., Snoring
classified: the Munich-Passau snore sound corpus, Comput. Biol. Med. 94 (2018)
106-118.

A. Yadollahi, Z. Moussavi, Automatic breath and snore sounds classification from
tracheal and ambient sounds recordings, Med. Eng. Phys. 32 (2010) 985-990.

R. Nonaka, T. Emoto, U.R. Abeyratne, O. Jinnouchi, I. Kawata, H. Ohnishi, et al.,
Automatic snore sound extraction from sleep sound recordings via auditory image
modeling, Biomed. Signal Process. Control 27 (2016) 7-14.

E.M. Albornoz, L.A. Bugnon, C.E. Martinez, Snore Recognition Using a Reduced Set
of Spectral, 2020.

S. Amiriparian, M. Gerczuk, S. Ottl, N. Cummins, M. Freitag, S. Pugachevskiy, et
al., Snore sound classification using image-based deep spectrum features,
Interspeech (2017) 3512-3516.

F. Demir, A. Sengur, N. Cummins, S. Amiriparian, B. Schuller, Low level texture
features for snore sound discrimination, 2018 40th Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC): IEEE
(2018) 413-416.

M. Freitag, S. Amiriparian, N. Cummins, M. Gerczuk, B.W. Schuller, An ‘end-to-
evolution’ hybrid approach for snore sound classification, Interspeech (2017)
3507-3511.

S.J. Lim, S.J. Jang, J.Y. Lim, J.H. Ko, Classification of snoring sound based on a
recurrent neural network, Expert Syst. Appl. 123 (2019) 237-245.

M.A. Rao, S. Yadav, P.K. Ghosh, A dual source-filter model of snore audio for
snorer group classification, Interspeech (2017) 3502-3506.

F. Vesperini, A. Galli, L. Gabrielli, E. Principi, S. Squartini, Snore sounds excitation
localization by using scattering transform and deep neural networks, 2018
International Joint Conference on Neural Networks (IJCNN): IEEE (2018) 1-8.

F. Vesperini, L. Romeo, E. Principi, A. Monterili, S. Squartini, Convolutional
recurrent neural networks and acoustic data augmentation for snore detection.
Neural Approaches to Dynamics of Signal Exchanges, Springer, 2020, pp. 35-46.
J. Wang, H. Stromfeli, B.W. Schuller, A CNN-GRU approach to capture time-
frequency pattern interdependence for snore sound classification, 2018 26th
European Signal Processing Conference (EUSIPCO): IEEE (2018) 997-1001.

Z. Zhang, J. Han, K. Qian, C. Janott, Y. Guo, B. Schuller, Snore-gans: Improving
automatic snore sound classification with synthesized data, IEEE J. Biomed. Health
Inform. (2019).

K. Qian, M. Schmitt, C. Janott, Z. Zhang, C. Heiser, W. Hohenhorst, et al., A bag of
wavelet features for snore sound classification, Ann. Biomed. Eng. 47 (2019)
1000-1011.

W.S. Noble, What is a support vector machine? Nat. Biotechnol. 24 (2006)
1565-1567.

S. Tian, U. Bhattacharya, S. Lu, B. Su, Q. Wang, X. Wei, et al., Multilingual scene
character recognition with co-occurrence of histogram of oriented gradients,
Pattern Recognit. 51 (2016) 125-134.

R. Dey, F.M. Salemt, Gate-variants of gated recurrent unit (GRU) neural networks,
2017 IEEE 60th International Midwest Symposium on Circuits and Systems
(MWSCAS): IEEE (2017) 1597-1600.

V. Tiwari, MFCC and its applications in speaker recognition, Int. J. Emerg. Technol.
Learn. 1 (2010) 19-22.

H.-C. Shin, H.R. Roth, M. Gao, L. Lu, Z. Xu, I. Nogues, et al., Deep convolutional
neural networks for computer-aided detection: CNN architectures, dataset
characteristics and transfer learning, IEEE Trans. Med. Imaging 35 (2016)
1285-1298.

T. Ojala, M. Pietikainen, T. Maenpaa, A generalized local binary pattern operator
for multiresolution gray scale and rotation invariant texture classification, in:
International Conference on Advances in Pattern Recognition, Springer, 2001,
pp. 399-408.

S. Liu, N. Yang, M. Li, M. Zhou, A Recursive Recurrent Neural Network for
Statistical Machine Translation, 2014.

D.A. Reynolds, Gaussian Mixture Models. Encyclopedia of Biometrics, 2009,

p. 741.

J. Xue, J. Li, Y. Gong, Restructuring of deep neural network acoustic models with
singular value decomposition, Interspeech (2013) 2365-2369.

J. Andén, S. Mallat, Deep scattering spectrum, Ieee Trans. Signal Process. 62 (2014)
4114-4128.


http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0005
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0005
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0005
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0010
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0010
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0015
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0015
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0015
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0020
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0025
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0025
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0025
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0030
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0030
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0030
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0035
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0035
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0040
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0040
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0040
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0045
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0045
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0045
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0050
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0050
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0055
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0055
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0055
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0060
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0060
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0065
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0065
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0070
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0070
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0070
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0075
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0075
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0080
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0080
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0080
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0085
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0085
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0090
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0090
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0090
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0095
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0095
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0095
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0095
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0100
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0100
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0100
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0105
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0105
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0110
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0110
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0115
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0115
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0115
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0120
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0120
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0120
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0125
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0125
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0125
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0130
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0130
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0130
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0135
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0135
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0135
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0140
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0140
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0145
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0145
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0145
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0150
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0150
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0150
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0155
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0155
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0160
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0160
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0160
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0160
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0165
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0165
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0165
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0165
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0170
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0170
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0175
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0175
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0180
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0180
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0185
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0185

T. Tuncer et al.

[38]

[39]

[40]

[41]
[42]

[43]

[44]

[45]

[46]

K. Choi, G. Fazekas, M. Sandler, K. Cho, Convolutional recurrent neural networks
for music classification, 2017 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP): IEEE (2017) 2392-2396.

T.Y. ME, C.S. Devi, S. Sushmitha, P. Uvarani, S. Kaviya. DCT & DWT Based Secured
Image Transmission Using Steganography.

N. Saravanan, K. Ramachandran, Incipient gear box fault diagnosis using discrete
wavelet transform (DWT) for feature extraction and classification using artificial
neural network (ANN), Expert Syst. Appl. 37 (2010) 4168-4181.

M. Robnik-Sikonja, I. Kononenko, Theoretical and empirical analysis of ReliefF and
RReliefF, Mach. Learn. 53 (2003) 23-69.

N. Spolaor, E.A. Cherman, M.C. Monard, H.D. Lee, ReliefF for multi-label feature
selection, 2013 Brazilian Conference on Intelligent Systems: IEEE (2013) 6-11.
T. Tuncer, S. Dogan, F. Ozyurt, S.B. Belhaouari, H. Bensmail, Novel multi center
and threshold ternary pattern based method for disease detection method using
voice, IEEE Access 8 (2020) 84532-84540.

Y. Liao, V.R. Vemuri, Use of k-nearest neighbor classifier for intrusion detection,
Comput. Secur. 21 (2002) 439-448.

M.A. Tahir, A. Bouridane, F. Kurugollu, Simultaneous feature selection and feature
weighting using Hybrid Tabu Search/K-nearest neighbor classifier, Pattern
Recognit. Lett. 28 (2007) 438-446.

T.-T. Wong, Performance evaluation of classification algorithms by k-fold and
leave-one-out cross validation, Pattern Recognit. 48 (2015) 2839-2846.

[47]

[48]

[49]

[50]

[51]

[52]

[53]

Biomedical Signal Processing and Control 63 (2021) 102173

C. Janott, M. Schmitt, C. Heiser, W. Hohenhorst, M. Herzog, M.L. Carrasco, et al.,
VOTE versus ACLTE: comparison of two snoring noise classifications using
machine learning methods, HNO 67 (2019) 670-678.

H. Tian, W. Ji, A digital video watermarking scheme based on 1D-DWT, 2010
International Conference on Biomedical Engineering and Computer Science: IEEE
(2010) 1-3.

S. Raghu, N. Sriraam, Classification of focal and non-focal EEG signals using
neighborhood component analysis and machine learning algorithms, Expert Syst.
Appl. 113 (2018) 18-32.

W. Yang, K. Wang, W. Zuo, Neighborhood component feature selection for high-
dimensional data, JCP 7 (2012) 161-168.

T. Tuncer, S. Dogan, P. Ptawiak, U.R. Acharya, Automated arrhythmia detection
using novel hexadecimal local pattern and multilevel wavelet transform with ECG
signals, Knowledge Based Syst. 186 (2019), 104923.

T. Tuncer, S. Dogan, U.R. Acharya, Automated detection of Parkinson’s disease
using minimum average maximum tree and singular value decomposition method
with vowels, Biocybern. Biomed. Eng. 40 (2020) 211-220.

A. Rosenberg, Classifying skewed data: importance weighting to optimize average
recall, Thirteenth Annual Conference of the International Speech Communication
Association (2012).


http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0190
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0190
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0190
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0200
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0200
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0200
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0205
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0205
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0210
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0210
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0215
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0215
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0215
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0220
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0220
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0225
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0225
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0225
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0230
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0230
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0235
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0235
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0235
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0240
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0240
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0240
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0245
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0245
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0245
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0250
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0250
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0255
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0255
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0255
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0260
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0260
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0260
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0265
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0265
http://refhub.elsevier.com/S1746-8094(20)30312-8/sbref0265

