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Abstract: This paper proposes a method to classify sleep
disturbance and deep sleep using electroencephalogram (EEG)
signals at sleep stage 2, fast Fourier transforms (FFT), and
principal component analysis (PCA). I n order to extract theinitial
features, the FFT was carried out to remove noise from EEG
signals at deep stage 2 in the first step. In the second step, the
noise-free EEG signal extracted in the first step was reduced to
five dimensions using the PCA. In thefinal step, the classification
performance was measured using the fivedimensionsasinput toa
neural network with weighted fuzzy membership functions
(NEWFM). In classification performance, accuracy, specificity,
and sensitivity were all 100%.
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I. INTRODUCTION

Seep is bisected into several stages, largely bisected into
rapid eye movement (REM) dSeep and non-rapid eye
movement (N-REM) sleep [1][2]. REM sleep, in which rapid
eye movements occur, is a sleep that dreams and has a
characteristic of irregular heartbeat and breathing. N-REM
dleep is further classified into sleep stage 1, seep stage 2,
sleep stage 3, and sleep stage 4, depending on the depth of
sleep. Sleep apnea syndrome and sleep disturbance are some
of the diseases that can occur during sleep. Sleep-related
studies are primarily associated with sleep apnea[3][4][5]. In
addition, the study of the dleep stage is mainly conducted on
the sleep of the same subject, not a comparison between the
subjects [6][7]. Sleep disorders are physical, mental, and
environmental factors that influence the amount and quality
of sleep, which meansthat sleep, isnot regular or experiences
abnormal sleep-related physiological phenomena|8].

In this paper, FFT and PCA are used to classify deep
disturbance and deep sleep using Fpz-Cz and Pz-Oz channels
of EEG signdls at sleep stage 2. In order to extract the
features to be used as inputs in a neural network with
weighted fuzzy membership functions (NEWFM), noises in
EEG signals are removed by wavelet transforms (WTs) or
fast Fourier transforms (FFT) from the Fpz-Cz and Pz-Oz
channels of EEG signals at sleep stage 2 in the first step. In
the second step, the noise-free from the Fpz-Cz and Pz-Oz
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channels of EEG signals at sleep stage 2 was reduced to 80
features using statistical techniques [9] by the WT and 5
dimensions by the PCA. In the final step, the neural network
with weighted fuzzy membership functions (NEWFM)
[9][10][11] used 80 features and 5 dimensions as inputs to
classify sleep disturbance and deep sleep. The classification
performance was measured that sensitivity, accuracy, and
specificity were 91.67%, 91.70%, and 91.73% by
wavelet-based feature extraction. The classification
performance by the FFT and the PC was measured that
accuracy, specificity, and sensitivity were all 100%.

Il. EXPERIMENTAL DATA AND PREPROCESSING

This paper used EEG signals provided by PhysioBank
(http://www.physionet.org/physi obank/database/d eep-edf/).
The EEG signals were obtained from white men and women
between 21 yearsold and 35 years old. The EEG signalswere
obtained from the Fpz-Cz and Pz-Oz channelsin Fig. 1 with a
sampling frequency of 100Hz. In the EEG signas, awake
stage, sleep stage 1, sleep stage 2, sleep stage 3, sleep stage 4,
and REM aremarked as 0, 1, 2, 3, 4, 5.
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Fig. 1 International 10-20 Standard Electrode
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In the EEG signals, the sleep stage is marked as shown in
(a) of Fig. 2. Asshown in (b) of Fig. 2, only the EEG signals
at sleep stage 2 was selected. The EEG signals at dleep stage
2 were continuously combined as shown in (c) of Fig. 2. In
this experiment, one sleep stage is marked based on the EEG
signal for 15 seconds. Therefore, EEG signas with a
frequency of 100 Hz are represented by one sleep stagefor 15
seconds, so one sleep stageisgrouped into 1500 EEG signals.
(d) of Fig. 2 showsthe results on calculating the EEG signals

at sleep stage 2 units calculated for (¢). Asshownin (e) of Fig.

2, 1024 EEG signals are grouped for this experiment.

This paper used the EEG signals at sleep stage 2. The
reason isthat can cause slow eye movements at sleep stage 1,
and then the EEG signals at deep stage 2 were selected
because there is no eye movement at sleep stage 2 in this
experiment.
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Fig. 2 Extraction of experimental data from EEG signals

A. Wavelet Transforms

This paper performed a bisected discontinuous Haar
wavelet transform (WT) at scale level 5 using the EEG
signalsat deep stage2inFig. 2 (d) [9][11]. For each of the 40
features on the Fpz-Cz and Pz-Oz channels, using the
wavelet-based statistical method using the wavelet
coefficient detail and approximation coefficientsfrom level 2
to level 5[9][11]. The features are as follows:

(1) The average of the absolute values of all coefficientsin
each level

(2) The average of the square of al the coefficientsin each
level

(3) The median of al coefficientsin each level

(4) The standard deviation of all coefficientsin each level

(5) The absolute value ratio of the mean value to all
coefficientsin each level between adjacent levels.

The statistical methods (1), (2), and (3) refer to the
frequency distribution over the EEG signas. In addition,
statistical methods (4) and (5) refer to the frequency variation
of the EEG signals. In this paper, an experimental group
consists of 80 features extracted by statistical methods.

B. Fast Fourier Transforms

Fast Fourier transforms (FFTs) are algorithms for quickly
calculating discrete Fourier transforms. The FFTsare used in
many fields, from digital signal processing to algorithms for
finding partial differential equations.

In order to perform the FFT, the entire EEG signals at sleep
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stage 2 in Fig. 2 (d) were grouped by 1024. In this experiment,
513 features of 1024 EEG signals collected from Fpz-Cz and
Pz-Oz channels were extracted by the FFT.

C. Principal Component Analysis

Principal component analysis (PCA) is made up the
principal components of the first combination of n given
variables and includes the 1% principal component, the 2™
principal component, ..., them™ principal component. In this
experiment, 1024 EEG signals collected from the Fpz-Cz
channel and the Pz-Oz channel, respectively, were connected
to 513 features by the FFT to make 1026 features. These 1026
features were reduced to five dimensions using the PCA.

In this paper, an experimental group was constructed that
takes 5 dimensions extracted by the PCA. Using 2982
experimental groups of deep sleep and 2321 experimental
groups of sleep disturbance, the training sets and the test sets
were bisected into 5 to 5 ratios as shown in Table .

TABLE|
Experimental group used to classify sleep disturbance (5
to5)
Training sets Test sets Tota
Sleep
disturbance 1161 1160 2321
Deep sleep 1491 1491 2982
Total 2652 2651 5303
Class Nodes
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ig. 3 Structure of NEWFM

1. NEURAL NETWORK WITHWEIGHTED FUZZY
MEMBERSHIP FUNCTION (NEWFM)

The NEWFM classified slegp disturbance and deep sleep
using the EEG signals at dleep stage 2. NEWFM is a
supervised classification fuzzy neural networks on the
bounded sum of weighted fuzzy membership functions
(BSWFMs) [9][10][11]. Fig. 3 describes the structure of the
NEWFM that consists of three layers that are input,
hyperbox, and the class layer. The Adjust(B) method
adjusted the weights (Wi, W», and W5) and the center of
membership functions (v1, V2, and vs) in Fig. 4.
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Fig. 4 Example of before and after Adjust(Bi) method

IV. EXPERIMENTAL RESULTS

Table I, Table Ill, Table IV, and Table V show the
performance results using thetraining set and test set in Table
I. TP (True Positive) means that people with sSleep
disturbanceis classified as people with sleep disturbance, and
TN (True Negative) means that people with deep deep is
classified as people with deep sleep. In addition, FP (False
Positive) means that people with sleep disturbance are
classified as those with deep sleep, and FN (False Negative)
means that those with deep sleep are classified as people with
deep disturbance. Sensitivity, specificity, and accuracy
obtained in Table IV and Table V are defined asin Eq. (1).
Table 1V and Table V aso compares the performance results
of the WT and the FFT.

Sensitivityzlxloo
TP+ FN
e TN
ecificity = ————x100 1
> Y TN + FP )
Accuracy = TP+TN =x100
TP+ FN+TN + FP
TABLEII
Confusion Matrix of Performance ResultsUsing WT
Sleep TP FN
disturbance 1034 126
FP TN
Deep seep
94 1397
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TABLE I
Confusion Matrix of Performance Results Using FFT
TP FN
Sleep disturbance
1160 0
FP TN
Deep deep
0 1491
TABLEIV
Performance Results Using WT
Sensitivity | Accuracy | Specificity
Performance | g g7 91.70 91.73
(%)
TABLEV
Performance Results Using FFT
Sensitivity Accuracy | Specificity
Performance
(%) 100 100 100
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V. CONCLUDING REMARKS

This paper can sleep disturbance and deep sleep using the
Fpz-Cz and Pz-Oz channels of the EEG signals at sleep stage
2. The WT and the FFT are used for noise reduction. The
EEG signals at sleep stage 2 is not a frequency analysis over
time, but a frequency analysis at a specific time. Therefore,
the performance results using the FFT is higher than that of
the wavelet transform. These experimental results show that
the FFT is more effective than WT for sleep analysis.
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