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ABSTRACT
Sleep related disorders are common in both men and women, irrespective
of their age. In recent years, there has been an abrupt increase of interest
in the prediction of sleep related disorders among researchers. The most
common data analysis approach utilizes a large data set to predict sleep
apnea episodes. The computational complexity of such predictions is high
and most of the techniques fail to select the optimal features. The recent
trends show convolution neural networks gaining in popularity because of
their ability to select the optimal features and the dimension reduction
property. On the other hand, it is also important to address the noise
issues in the acquired physiological data. Variational Mode Decomposition
(VMD) is an adaptive way of decomposing the different frequency levels,
such that the noise level can be easily separated into levels. This paper
presents a novel technique for optimal feature extraction from the Varia-
tional Mode Function (VMF) levels by using the concept of a Convolution
Neural Network (CNN). The proposed approach provides an accuracy of
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1. INTRODUCTION

The name Apnea conveys the meaning want of
breath. Similar to the name, sleep apnea defines
the continuous pausing of breath more than 10 sec-
onds which occurs several times in an hour. Dur-
ing such situations, the patient exhibits some snoring
kind of symptoms. The direct effect of this pausing
leads to blood oxygen reduction and indirectly it may
cause Intelligent Quotient (IQ) loss and heart attacks.
One of the common symptom of this disease is day-
time sleepiness. The screening of sleep apnea is done
using Polysomnography (PSG). Polysomnography is
the traditional process of recording and analysing the
physiological signals of a patient during sleep time.
This process of evaluation is time consuming and ex-
pensive. The accuracy of detection is also reduced
due to human errors. Recent research trends show
adoption of an evaluation of sleep related disorder
detection based on feature extraction and classifica-
tion techniques that gives more accuracy. In such
cases the features extracted from the nasal airflow
signal [1-4], finger photoplethismoraphy, and actig-
raphy are used for classification [2, 5-9]. The fea-
tures derived from Electrocardiogram (ECG) [10, 11],

Electroencephalogram (EEG) [12], Electromyogram
(EMG) [14], Peripheral Capillary Oxygen Saturation
[15, 16], and Electrooculogram (EOG) [12] are sepa-
rately classified using a specific classifier model. The
computational complexity of the detection is high in
such situations. The popularity of sleep apnea de-
tection with an ECG signal has increased because
it is more accurate than the other types of detec-
tion techniques. Even though this method is popu-
lar among recent researchers, there are difficulties in
the optimal feature extraction from the ECG signal
segments caused by noise. The Variational mode de-
composition algorithm was introduced by Konstantin
Dragomiretskiy et al.[17][18] as an effective method
for optimal feature extraction from the different de-
composed modes. In addition to this, variational
mode decomposition is a mathematical technique for
extracting the different decomposed modes. Hence,
the computational complexity of the classification is
high because of the large data set obtained after the
VMD process. The convolution neural network is the
most recent classification method that selects optimal
features from the signals and performs the classifica-
tion simultaneously [19] [20]. The main advantage of
CNN is the dimension reduction property. In earlier
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research work, CNN was used only for image classifi-
cation problems [21][22]. Later the properties of CNN
have been utilized for 1D classification problems also
[23][24]. This paper introduces novel feature extrac-
tion from noise free VMD levels using the properties
of CNN.

1.1 Related Works

This subsection explores the most recent works
related to the proposed method. As mentioned in
the previous section, the main advantage of the pro-
posed methodology is optimal feature extraction by
reducing or down sampling the feature set. Thus the
computation burden of the entire system will be re-
duced. There are different techniques previously pub-
lished which are related to optimal feature extraction.
One of the above-mentioned work is the deep neural
network based method utilized for detecting apnea
episodes. In this technique, the authors tried to find
the optimal hyper-parameters of the DNN structure.
This was achieved by using the Differential Evolution
(DE) concept [25]. The contextual information from
EEG epochs can also be considered as a biomarker
for sleep apnea detection. Kun Chen et al. pro-
posed a technique similar to this [26]. They devel-
oped a two-stage screening model to detect apnea
episodes using a multi-scale CNN architecture. The
Sleep EDF database and OSA database are used for
the apnea detection process. In 2019, Fu-Tai Wang
et.al proposed a new technique to detect the respira-
tory drops associated with sleep apnea syndrome [27].
Two models were developed based on the Obstructive
Sleep Apnea (OSA) severity index. One is the regres-
sion model that finds the Apnea Hypopnea Index and
the other one is the severity measuring technique us-
ing Respiratory Fluctuation Index (RFI) values. In
a recent work, Viswabhargav et al. adopted a novel
feature extraction technique from ECG derived Res-
piratory Signal (EDR). The spars entropy features
are segregated from the EDR and ECG signals [28].
The classification of the apnea subjects is performed
using fuzzy K-means clustering and SVM classifier
models. In a similar way, the temporal features from
the ECG signals can be extracted using the deep re-
current neural network concept. The classification is
performed using a one dimensional convolution neural
network along with a fully connected layer [29]. The
important shortcoming of these papers is the failure
to consider the noise issues present in the ECG signal.
In order to avoid that, in our proposed work, we de-
velop an adaptive kernel which removes the unwanted
noise from the ECG signal.

2. MATERIALS AND METHODS

This section provides a detailed explanation of the
data acquisition and classification techniques. The
ECG signal is mixed with diverse noises like baseline
and power line interference. The accurate segregation

of apnea and healthy subjects requires a powerful sig-
nal conditioning algorithm. The variational mode de-
composition is a signal conditioning algorithm which
decomposes the entire signal into different modes of
specific frequencies.

2.1 VMD Algorithm

In Variational Mode Decomposition, the ECG sig-
nal is decomposed into different variational modes.
Each of these modes exhibits a particular sparsity
property when recreating the signal [17][18]. The
Variational Mode Decomposition technique can be
explained using three steps. In the first step, the
Hilbert transform is utilized to obtain a distinct fre-
quency spectrum of the signal. This spectrum of the
particular decomposed mode is then drifted to its
base band with an exponential function. This func-
tion can be created by using its respective center fre-
quency. In the final step, the estimation of bandwidth
is carried out by utilizing Gaussian smoothing of the
detected signal. The corresponding variational equa-
tion for optimization is represented in equation (1).
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In the equation (1), u; := uq,us, ..., u; represents the
different extracted modes and w; := wq,wa,...,w;
represents their respective center frequencies.

2.2 The Bandwidth Minimization Technique

The bandwidth optimization procedure is imple-
mented by applying the Alternate Direction Method
of Multipliers (ADMM)technique [17][18]. The first
step of this procedure involves initializing the primary
iteration values of each decomposed mode. This pri-
mary iteration value is incremented for the calcula-
tion of successive iteration values. The convergence
of the modes is checked in between the mode calcu-
lations. If the convergence criteria are satisfied, then
the corresponding value of 1 is incremented. If this
convergence is not happening, then the correspond-
ing mode value is incremented for calculating the next
mode and center frequency. The above mentioned
procedure is repeated until all of the modes are con-
verged. Equations (2) and (3) represent the various
decomposed modes and their respective center fre-
quencies.
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The dual ascent for the values, whose enter fre-

quency is equal or greater than zero, can be expressed
as
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The mathematical representation for convergence
of each mode is given by equation (5).
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3. THE IMPROVED CNN ARCHITEC-
TURE

The CNN architecture is a variant of a multilayer
perceptron which resembles the visual cortex of an
animal. The visual cortex contains the complex ar-
rangements of cells. These cells helps to identify the
different patterns in the input images. This archi-
tecture is designed to select the optimal feature val-
ues without utilizing the separate feature extraction
and classification algorithms. Also, it helps to re-
duce the computational time of the analysis. The
main architecture of CNN comprised of five layers.

Classification Phase

These are input layer, some convolution layers, few
max-pooling layers, a fully connected multilayer per-
ceptron and an outcome or output layer [31]. In our
proposed work, the raw data samples from the pa-
tient are filtered using a convolution layer. The cor-
responding filtered samples are then down sampled
by utilizing a max-pooling layer. Thus the feature
set is reduced and the optimal features are obtained
for classification. These primary layers are represent-
ing the feature extraction method. A fully connected
multilayer perceptron concept is utilized for the clas-
sification purpose. The entire framework of this mod-
ified convolution model is explored in the imminent
sections. The architecture of the proposed improved

convolution neural network model is represented in
fig.1

3.1 Improved convolution layer with derived
kernels

The convolution layer usually works with the prin-
ciples of the convolution operation. This layer is de-
picted to convert the input values to a particular
reduced feature set. This process of conversion is
achieved by taking the summation of the dot product
values of two functions. The first function represents
the input signal and the second one is a kernel func-
tion. The dot product of these functions are taken
after the shifting and reversing of one of the func-
tions. The above mentioned kernel function is used
for filtering the input signals.

3.1.1 Derived kernels

In our proposed work, the filtering of the input
signals during the convolution operation is achieved
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Fig.2: The kernel selection method for improved CNN network.

using a kernel which is automatically derived from
the noise free VMF levels. The mean of these selected
VMF levels is utilized as the kernel of the convolution
operation. The main advantage of this type of kernel
selection is that the feature set obtained after the
convolution is noise free and resembles the original
ECG signal features. The improved architecture of
our derived kernel is represented in Fig. 2. Let us
consider the convolution of two functions, input and
the kernel. The inputs to the convolution layer are
nothing but the different VMF levels (vm f; of length
i) obtained after performing the VMD algorithm on
raw ECG signals. A kernel of length n is the other
function, which represents the mean of different noise
free VMF levels. The outcome of the convolution
layer with a length of (i +n — 1) can be expressed as

01(1) = ’Umfl(l)kl(l)
o1(2) = vm fi(1)ki(2) + vm fi(2)ki(1)

o1(3) = vmfi(1)ki(3) +vm fi(2)ki(2)
+ vmfl(?))kl(l)

or(n) = vmfi(n)ki(1) + vmfi(n — 1)ki(2) + - --
+ vmfl (O)k‘l(n)

where, vm f; represents the different levels obtained
after VMD. Thus, these equations can be generalized
as
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3.2 The Max-pooling Layer

The dimension of the feature sets obtained after
the convolution become large. It is important to
minimize the feature set to obtain the optimal fea-
ture map. This is achieved by down sampling the
entire feature set. The procedural idea of down sam-
pling is the calculation of the maximum value of
this entire feature set in a short window span. The
window length is calculated by considering the non-
overlapped windowing method. Fig. 3 represents the
max-pooling operation with non-overlapped window-
ing method. A fully connected multilayer perception
is utilized for classifying the down sampled feature
sets. The max-pooling operation can be mathemati-
cally represented as

(7)

O, = max(o})

o(1) 0(2) 0o(3) 0(4) 0(5) Oy(n-1) | Oy(n)

01=max{0(1),0:(2)} 02=max{0,(3).0,(4)} On=max{0y(n-1),0y(n)}

Fig.3: The schematic representation of Maz-pooling
operation with non-overlapped window of length 2.

3.3 Fully Connected Layer

The fully connected multilayer perceptron is the
last layer in the CNN architecture. It gives the pre-
diction and classification of the feature map into dif-
ferent classes. A fully connected layer works similarly
to the conventional neural network architecture. The
network layer maps the different feature sets from the
previous layers into different classes, which represents
the output layer. Finally, the output layer is repre-
sented as



306 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.16, NO.3 September 2022

N
y; = tanh (Z Oyw; + bl> (8)

=1

The mapping is done by an activation function
called tanh function. This function can be expressed
as

l —1
e —e

tanh(l) = —— 9
0= )
The outcome of this activation function lies be-
tween [-1 1]. The back propagation learning algo-
rithm is implemented for training the network. It
will reduce the error between the estimated outcome

and the actual outcome.

3.3.1 Training the Proposed Improved CNN Archi-
tecture

The training phase of the CNN architecture adopts
the back propagation learning algorithm along with
the stochastic gradient descent technique [30]. During
the forward propagation phase, the mean square error
of the proposed CNN increases because of the random
selection of the weights and biases. This mean square
error can be represented as

E=Y (d—w)

where d; is the actual output and y; is the esti-
mated output. The estimated error reduction can
be achieved by utilizing the concept of gradient de-
scent. In the gradient descent technique, an iterative
estimation of weight and biases is performed. Thus
the classification error is reduced. The error reduc-
tion is achieved by using the partial derivatives of
this error in terms of weight and bias. In the case of
the ordinary back propagation algorithm, this partial
derivative of the error in terms of weight is repre-
sented by multiplying and dividing this value with
the partial derivative of estimated output (y;). The
above mentioned error reduction procedure can be
mathematically represented as

(10)
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In a convolution neural network, these weight and
bias estimations are mathematically derived by

(15)

)

Py conv(y;, AE)
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and

%f =Y AE (17)

3.3.2 Testing the Improved CNN Model

The testing of the feature sets is done using the
improved CNN model with the optimized weight and
bias values obtained after the training phase. The
MLP algorithm with reduced error rate gives the best
classification accuracy compared to the other net-
works.

4. RESULT AND DISCUSSION
4.1 Data Collection
4.1.1 Oanline Data Collection

In this study, the data collection from the subjects
was performed with both online and offline processes.
The collected online and offline data sets are treated
separately for classification purposes. The data col-
lection procedure was purely based on the principles
of the Declaration of Helsinki. The Forty healthy sub-
jects of age group between 26 to 41 voluntarily par-
ticipated in the data collection and experimentation.
All the experimental procedures were performed in
signal processing lab at the school of electronics engi-
neering. All of these healthy subjects were told that
this study was performed for a research work related
to sleep apnea detection. An hourly based experi-
mentation was adopted for performing the data col-
lection. At the beginning stage of the experiment, the
participants were asked to sit in a calm and relaxed
position. During the experiment, all of these partic-
ipating subjects were asked to hold their breath for
at least 10 seconds repeated 5 to 6 times in an hour,
and provided with relaxation time The ECG signals
of these subjects during the experiment were collected
and exported to Matlab 2016a using an Arduino UNO
micro controller board. The data acquisition part of
the sensory system consists of ECG disposable elec-
trodes and a Sparkfun Electronics AD8232 heart rate
monitoring system. The entire test setup was inter-
faced to a laptop with a baud rate of 9600. The serial
port values from this system were exported to Matlab
2016a. The entire test setup along with the experi-
ment is represented in Fig. 4
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Fig.4: The ECG signal acquired with the test setup
acquired with the test setup.
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Fig.5: The different decomposition modes obtained after performing VMD.

HFI HF

arean
<888
L
Ivarean
E88
L

0 10 n0 w ] 50 0 w 80 0 10 0 X0 o 50 0 ™ £l
Freq M) FreqlHe)
- VMF2 - VMFT
an T 5 T 1 T T T g(m T T T T T
é WL AT [ L L L L i % 0 L [P - L L i
= 10 om0 w 0 50 0 0 80 ) 10 0 10 o0 50 0 1l Ll
Fregf) Fregfg)
_ WS _ W
T T T T T T T T V% T T T T T
o100 o
g mt L e | L L i i i f S0 e L L i i i
- 10 0 w ] 50 0 0 80 - 10 0 10 o0 50 0 1 Ll
Freq H) Fregli)
_ W - ey
7150 T T T T T T T 7 T T T T T
#1000 #1000
£ WEL i i i i i ; i £ i i i i i i
-0 10 0 n L] 50 60 w0 80 ] 10 2 X0 o0 50 0 ™ £l
Fregf) Freg )
_ VWS - VN
T T T T T T T T 7 T T T T T
#1000 & 100
£ Wt ol . . . . . i £ . . . . . i
il | 10 0 w ] 50 w 80 S | 10 0 0 0 50 0 1 L'l
Fregf) Fregfg)
Fig.6: The spectrum obtained after performing FFT on these decomposed levels
04 ‘ ‘ ‘ ‘
0.25 :
s
Fos - § 0.2 J
E w
502 | gos |
@ 2
c » 01 f
301 1 §
= 20.05 1
0 T T T y . :
0 200 400 600 800 1000 % 200 400 600 800 1000
No. of Iterations No. of Iterations

Fig.7: : The mean square error plot obtained for different estimations. (a) The mean square error plot
obtained for online estimation. (b)The mean square error plot obtained for offline estimation.



308 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.16, NO.3 September 2022

Table 1: Dimensions of the original data.

Matrix Size
Input Matrix | 1x1280
VMF 10x1280
Conv 1 10x 1285
Max-Pool 1 10x159
Conv 2 10x168
Max-Pool 2 10x20
Conv 3 10x29
Max-Pool 3 10x2

4.1.2 Offline Detection

The database created for the offline pro-
cess was collected from the University College
Database (UCD database) from Dublin. The UCD
database can be accessed online from the website
https://physionet.org. The UCD database contains
the PSG ECG collection record of 21 male and 4 fe-
male subjects with a duration of 5.9-7.7 hr. These ac-
quired signals are first decomposed into different de-
composition levels using the VMD algorithm. These
sets of decomposed levels are the input values to the
CNN network. In order to find the noise level, a Fast
Fourier Transform (FFT) was applied to all of these
decomposed levels. The corresponding decomposed
levels are represented in Fig. 5 and the spectrum
of different decomposition levels is displayed in Fig.
6. Among these different levels, the level which falls
in the same frequency spectrum of ECG signals (0-
100Hz) was selected for constructing the kernel func-
tion. The mean of each of these selected levels was
taken and kept as the kernel function. This kernel
function matrix with a size of 1 x 10 was utilized for
the convolution operation. The kernel function itself
acts as the filter to the input signal. The main ad-
vantage of this function is that the noise level in the
input signal can be easily separated. In our proposed
work, the feature extraction was performed in terms
of three convolution and max-pooling operations. In
the classification part, 2 MLP layers were used. This
architecture gives maximum efficiency while training
the real-time input signals. Thus the mean square
error was reduced to a minimum of 0.01. In our pro-
posed work, there are two output maps. The number
of hidden neurons was set to be 20. It gave the best
performance in accordance with the related works [32]
[33]. An iterative estimation of weight and biases
was performed for reducing the mean square error.
In our proposed work, the maximum number of it-
erations was set to be 1000 and a learning factor of
0.001 was also fixed for getting minimum mean square
error. The dimensions of the original data set after
each convolution and max-pooling are represented in
Table 1. At the final step of the feature extraction
phase, the dimension of the feature set was reduced
to a minimum 1 X 2 matrix. Among the acquired

data samples, 10 of the samples were taken for train-
ing the 1D CNN model and rest of them were utilized
for the testing purpose. Fig. 7 represents the mean
square error plot obtained for both online and offline
estimations.

4.2 Cross Validation

The efficiency of a classifier is cross checked in
terms of some statistical analysis called crossvalida-
tion. The cross-validation technique is utilized to
examine the classifier generalization capacity. The
main aim of this cross-validation is to divide the en-
tire set of data values into different sub-sets. These
sets can be utilized for the training and testing of
the classifier. In our proposed improved CNN ap-
proach, the cross validation was done in a leave-one
out manner. This cross validation technique utilizes
only a single feature value from the total feature sam-
ples as the validation sample and the remainder of
the feature set is used as the training set. This pro-
cess is repeated in such a way that each feature value
in the total data sample is utilized once as the val-
idation sample. After the leave one out cross vali-
dation, the miss-classification rate and mean square
error rate are calculated. It was observed that the
miss-classification and mean square error rates were
reduced to 0.0154 and 0.01 respectively. These val-
ues show the efficiency of the CNN classifier over the
other classifiers.

4.3 Performance Parameters

The performance analysis of our proposed system
was carried out by utilizing different parameters. The
main parameters used for this evaluation are repre-
sented by the following equations.

T,
Sensitivity = —*— 18
ensitivity T+ F, (18)
Speci ficit T, (19)
ecificity = —————
P )
T, + 1T,
Accuracy = 2 P 20
YT, 4T, + Fu+ F, (20)
T,
Precision = —2— 21
F1— score — 2 x Prcic?sion X Ser?s?tz:vity (22)
Precision + Sensitivity
MOC — Ty xT, —F,+ F,

V(T + ) (Fy + T,)(Fy + T)(Fy + Tn)
(23)
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In the above mentioned equations, T3, T}, F},, and F;,
covey the shorthand notations of True Positive, True
Negative, False Positive, and False Negative measure-
ments. The interrelationship between the target class

Table 2: Parameters of PMSM.

Performance Online Offline L
Parameters and the response class can be evaluated by utilizing
Sensitivity 100 100 Mathew’s Correlation Coefficient (MCC). The range
Specificity 96.5517 87.5 of this value can be specified in between -1, 0, or 1
Accuracy 98 96 [34]. These values are related to the worst predic-
;llzv (1)'97 (1)'94 tion, random guess, and perfect prediction respec-
v tively. The precision and sensitivity values are uti-
Flscore . . lized for the prediction of F-1 This F-1
Procision I T ized for t e pre iction of F-1 score. is F-1 score
MCC 0.9682 0.9091 value varies in the range of 0 and 1. The F-1 score
AUC 0.9865 0.9722 value of 1 describes a system with the best recogni-
Computation Time | 0.7474 sec | 0.6712 sec tion ability. The value O describes a system which is

not efficient at all. The value of precision describes a
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proportion which is associated to the healthy patterns
estimated and the original healthy patterns. Table 2
shows the various performance values measured in our
proposed work.

The efficiency of our proposed work was validated
by plotting the Receiver Operating Characteristic
Curve (ROC). Fig. 8 represents the ROC curve ob-
tained for different estimations with Area Under the
Curve (AUC) values of 0.9865 and 0.9722. The per-
formance of the entire system was compared with the
techniques explored in the different feature extrac-
tion and classification fields based on the above men-
tioned performance values. The comparison chart is
represented in Fig. 9. The comparison results repre-
sent the highly accurate performance of the proposed
VMD + CNN technique. An accuracy of 98.4615%
was obtained for our proposed work. The computa-
tional time and accuracy of our proposed work is high
compared to the other related works. The detailed
performance chart for the other related works is rep-
resented in Fig.10. It can be seen in the results that,
the overall computational time of the VMD+CNN
technique is about 0.7471 seconds. This is relatively
lesser than the other techniques. The computational
time and accuracy obtained for Empirical Mode De-
composition (EMD) along with the morphological
features with the SVM classification were about 3.2
seconds and 93.33% respectively. The VMD + RR
interval and energy features with SVM classification
gave a computational time of 1.2 seconds. An accu-
racy of 97.50% was obtained for this technique. Ac-
cording to all these results it is clear state that the
VMD + CNN technique is more accurate with a lower
computational burden and reduced dimension. One
of the shortcoming of our proposed study is that the
classification of the apnea subjects was not studied
in terms of mild, moderate, and severe cases. These
classifications are collectively called the apnea sever-
ity index estimation. It is also important to consider
the severity index of apnea for accurate predictions.
We will address this limitation of our proposed work
in future.

5. CONCLUSION

This paper shows an improved CNN approach for
real-time apnea classification by utilizing the concept
of variational mode decomposition. The results that
the computational time and dimension of the features
are reduced after utilizing the improved CNN algo-
rithm. It is also apparent that the classification ac-
curacy is higher after using the CNN model. An ac-
curacy of 98.4375% was achieved after performing the
proposed algorithm. As a future work, we will con-
sider calculating the apnea severity index for more
accurate prediction.
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