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Summary

Background: The process of automatic sleep
stage scoring consists of two major parts:
feature extraction and classification. Features
are normally extracted from the polysomno-
graphic recordings, mainly electroencephalo-
graph (EEG) signals. The EEG is considered a
non-stationary signal which increases the
complexity of the detection of different waves
init.

Objectives: This work presents a new tech-
nique for automatic sleep stage scoring based
on employing continuous wavelet transform
(CWT) and linear discriminant analysis (LDA)
using different mother wavelets to detect dif-
ferent waves embedded in the EEG signal.
Methods: The use of different mother wave-
lets increases the ability to detect waves in
the EEG signal. The extracted features were
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1. Introduction

Human sleep can be split into two states:
the rapid eye movement (REM) and the
non-rapid eye movement (NREM). The
NREM state is further divided into four
stages (1-4). Therefore, beside the awake
state, the state of human sleep is classified
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formed based on CWT time frequency entropy
using three mother wavelets, and the classi-
fication was performed using the linear dis-
criminant analysis. Thirty-two data sets from
the MIT-BIH database were used to evaluate
the performance of the proposed method.
Results: Features of a single EEG signal were
extracted successfully based on the time fre-
quency entropy using the continuous wavelet
transform with three mother wavelets. The
proposed method has shown to outperform
the classification based on a CWT using a
single mother wavelet. The accuracy was
found to be 0.84, while the kappa coefficient
was 0.78.

Conclusions: This work has shown that
wavelet time frequency entropy provides a
powerful tool for feature extraction for the
non-stationary EEG signal; the accuracy of the
classification procedure improved when using
multiple wavelets compared to the use of
single wavelet time frequency entropy.
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into five stages [1], and is interpreted based
on the characteristics of the following bio-
signals (polysomnographic recordings):
electroencephalograph  (EEG), electro-
oculograph (EOG), and electromyograph
(EMG). In practice, the state of sleep is de-
termined using Rechtschaffen and Kales
(R&K) recommendations [2, 3]. According

to R&K, the state of sleep (score) is deter-
mined in a time epoch of 30 seconds based
not only on the characteristics of the re-
corded EEG signal, but also EMG and EOG
signals are necessary. During sleep, the EEG
signal is characterized by the waves and
events (bands) listed in P> Table 1 according
to their frequency bands [4].

Sleep stages are identified by the pres-
ence and the duration of these waves (time
and frequency). Stage awake is character-
ized by the presence of continuous alpha
waves. In stage 1, low beta and theta activ-
ities exist. Stage 2 is identified by the pres-
ence of delta waves in less than 20% of the
epoch and the presence of K-complexes
and sleep spindles with time duration of
more than 0.5 seconds. Stage 3 is scored
when there are low-frequency waves with
frequency less than 2 Hz, also sleep spindles
and K-complexes may occur. The deepest
sleep stage, 4, is characterized by the exist-
ence of delta waves in more than 50% of the
epoch. The REM is similar to the awake
stage, but REM has low amplitude alpha
activity. »Figure 1 shows the EEG signals
for the above-mentioned sleep stages.

The sleep scoring procedure is usually
done visually by experts, which is a time-
consuming and tedious process as the scor-
ing needs to be done for an entire night
recording (8 hours). Furthermore, the
scoring procedure is difficult to perform
due to similarities between different stage
properties. Automatic sleep stage scoring
has been developed for more than 25 years
[4-14]. It consists mainly of two parts:
feature extraction from the polysomno-
graphic recording and classification
method. The feature extraction methods
were based on the estimation of power of
the frequency bands [4, 11, 12, 15, 16] and
time frequency distribution such as wave-
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let transforms [17-19]. The classification
methods were performed using, mainly,
neural networks and fuzzy logic [12, 15,
18].

In this study, the continuous wavelet
transform time frequency distribution was
used to represent the EEG signal. Three
mother wavelets with different center fre-
quencies and different shapes were used to
evaluate the entropy for the frequency
bands of EEG waves that characterize each
sleep stage. The classification procedure
was done using the linear discriminant
analysis for categorical variables.

2. Materials and Methods

2.1 Wavelet Time Frequency
Feature Extraction

EEG is considered a non-stationary signal
as its properties change during each sleep
stage; therefore classical spectral methods
are not appropriate for feature extraction,
as they provide description of the frequen-
cy contents of the signal, but not the timing
of the EEG signal. Timing information is

Table 1 Different EEG waves and events em-
bedded in the EEG signal and their frequency
range

Waves and Frequency
events range (Hz)
Delta 0.5-4

Theta 4-8

Alpha 8-13
Betal 13-22
Beta2 22-35
Sleep spindles 12-14
K-complex 0.5-1.5

required for EEG signal analysis since some
of the EEG waves may exist in part of the
epoch but not in the entire epoch. Time
frequency distribution such as wavelet
transform (WT) and short time Fourier
transform (STFT) are better tools for
analysis and feature extraction of the non-
stationary EEG signal [20-23].

Wavelet transform has been widely used
in signal processing and analysis in many
fields over the past two decades. It is a

powerful tool as it provides localization
both in time and frequency. The wavelet
transform for a signal s(f) can be written
as:

Wap = [sO0Wp@0dt M

where v, ,(t) is the dilation and trans-
formation of the mother wavelet defined
as:

Jlal

where y(¢) is called the mother wavelet, b is
the translation parameter (time shifting
parameter) that provides the time domain
characteristics of the signal s(¢), and a is the
scale parameter (a # 0) that provides a di-
lation and compression of the mother
wavelet function y (¢), which can be used to
analyze the frequency characteristics of the
signal s(¢). The scaling parameter values
were used to cover the entire frequency
range of the different EEG waves based on
the following equation that relates the
scaling parameter a to the frequency f:
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Fig. 2

Plot of the mother
wavelets and the
center frequency ap-
proximation for a)
Daubechies (db20),
b) Gauss (gauss1),
and ¢) reverse bio-
orthogonal (rbio 3.3)
wavelets

Je
aT

s

f= (3)

where f, is the center frequency of the
mother wavelet, which represents the as-
sociated sine wave that maximizes the
Fourier transform of the mother wavelet
modulus, and T, is the sampling period.

Many mother wavelets can be used to
find the wavelet transform of the signal
s(t) such as Daubechies, Coiflets, Morlet,
Gaussian, Symlets, Biorthogonal, and re-
verse Biorthogonal [20]. The choice of the
mother wavelet normally depends on the
shape of the signal s(¢), as the WT is a
measure of similarity between both the sig-
nal s(¢) and the mother wavelet function
y (). As can be concluded from »Equa-
tion 1, the CWT consists of calculating a re-
semblance index between the signal and the
wavelet. If the resemblance is high, the
CWT has large coefficients W, ;,, while the
CWT coefficients are small if there is a
slight resemblance. The EEG signal con-
tains many waveforms and there is no
single wavelet that is suitable to analyze its
time frequency characteristics. Thus, three
different mother wavelets were arbitrary
chosen to do the analysis: reverse bio-
orthogonal (rbio3.3), Daubechies (db20),
and Gauss of order 1 (gaussl), with center
frequencies of 0.67, 0.43, and 0.20, respec-
tively. Moreover, the three mother wavelets
were chosen to be visually different in
shape to maximize the detection ability of
the different EEG bands that have different
shapes and frequencies. P>Figure 2 shows
the three chosen mother wavelets and their
associated center frequencies.

2.2 Time Frequency Entropy

The classification of the EEG signal de-
pends on the localization of the different
EEG waves both in time and frequency. For
this reason, features were extracted using
entropy estimation at different scales (fre-
quency bands). The entropy is defined as:

E=-) plogp, (4)

i=1

where p is the probability mass function of
the wavelet coefficients W, , in the band of
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Fig. 3 a)Testsignal analyzed using CWT based on three different mother wavelets; b) CWT using db20 mother wavelet; c) CWT using gauss1 mother wave-

let; d) CWT using rbio3.3 mother wavelet

interest represented by their histogram
with 7 bins.

To illustrate the idea of using multiple
wavelets time frequency entropy, consider
the signal shown in »Figure 3a, which is
composed of three sine waves added to-
gether, with three different frequencies: 2,
5, and 20 Hz. The signal was sampled at a
sampling rate of 100 Hz and the CWT
using the three mother wavelets db20,
gaussl, and rbio3.3 was calculated and
shown in P> Figures 3b, 3¢, and 3d. As it is
shown the figure, the CWT of the signal
was different for each mother wavelet due
to the difference in shape and center fre-

© Schattauer 2010

quency of the used mother wavelets. Each
CWT produced higher coefficients in dif-
ferent scale ranges (frequency ranges),
which makes each mother wavelet able to
detect different frequency ranges from the
others. Furthermore, the shape of the dis-
tribution is different due to the difference
in shape between the mother wavelets and
the signal. If the mother wavelet has the
same exact shape as the signal, the CWT co-
efficients have maximum value at the fre-
quency band of the signal. To implement
and validate the above argument, the en-
tropy (a measure of information) of three
frequency (scale) bands, each containing a

single frequency of the test signal, was
calculated and tabulated in »>Table 2. The
calculated entropies were found different
for each of the used mother wavelet.

2.3 Linear Discriminant Analysis
Classification

Discriminant analysis has been widely used
in classification problems involving cat-
egorical parameters [21, 22]. The discrimi-
nant analysis has a similar approach to the
analysis of variances (ANOVA) method. It
classifies the features by means of sepa-

Methods Inf Med 3/2010

Downloaded from www.methods-online.com on 2012-02-10 | IP: 38.107.179.233
For personal or educational use only. No other uses without permission. All rights reserved.



234

L. Fraiwan et al.: Classification of Sleep Stages Using Multi-wavelet Time Frequency Entropy and LDA

Entropy Table 2
Frequency entropy
Frequency band (Hz) rbio3.3 db20 gauss for different frequen-
0-4 3.84 3.79 315 <y bands using the
mother wavelets
4-10 2.25 0.24 4.26 rbio3.3, db20, and
10-50 0.43 0.02 2.84 gauss1

rating surfaces defined by discriminant
functions, which may be linear or non-
linear. The linear discriminant analysis
(LDA) function is defined as:

di(x) =

Wi 1 X+ Wy 2%+ oo+ WXt Wiy (5)
which can be written in matrix form as:
d.(X) =wW,"X (6)

where W is a constant coefficient vector,
and X is the feature vector.

The decision rule is based on finding the
minimum distance defined by:

X € Stage;if D(X, Z) = mkinD(X,Zk) (7)

where D(') is the Euclidian distance of the
unknown feature vector X from Z, and Z;
is the training set class center for the sleep
stages from Stage,.

2.4 Automated Sleep Stage
Scoring Process

Thirty-two polysomnographic recordings
from different subjects, taken from the
MIT-BIH database, were used in this study
with durations of 8-10 hours [23]. The
polysomnographic recordings had their as-
sociated manual sleep stage score with the
following vital signals: 2 EEG, horizontal
EOG, oro-nasal respiration, and sub-men-
tal EMG. In this work, only single-channel
EEG signals (24 records C3-A2 and 8 rec-
ords Fpz-Cz) were used for sleep stage scor-
ing. P-Figure 4 shows the entire procedure
used in this work. The pre-processing stage
was used to smooth the EEG signal using a
Savitzky-Golay filter [24] and to divide the
EEG signal into epochs of 30 seconds du-
ration. Then the CWT of the EEG signal
was computed using three different mother

Methods Inf Med 3/2010

wavelets: reverse bio-orthogonal (rbio3.3),
Daubechies (db20), and Gauss of order 1
(gaussl). The center frequencies of these
three mother wavelets were 0.43, 0.67, and
0.20, respectively. The features of the EEG
signal were calculated using the time fre-
quency entropy of the signal frequency
bands that correspond to the EEG bands
mentioned earlier in Section 1. A feature
vector of 21 parameters for each epoch in
the record was formed. Features from all
recordings were extracted and put together
with a total of 41,778 epochs for the 32
records used in this study. Training and
testing of the classifier were done using
10-fold cross-validation [25]. The pro-
posed method, including feature extrac-
tion and linear discriminant analysis, was

Data Pre-processing

-

CWT (using 3 different
Wavelets)

-

Feature generation using time
frequency entropy

-

Classification

-

Training (LDA)

-

Testing and Validation

Fig. 4 The EEG automated sleep stage scoring
process

implemented under Matlab platform
(Mathworks-USA).

2.5 Performance Measures

The performance of the algorithm was
evaluated by computing the values of sensi-
tivity (SE), specificity (SP), and accuracy
(AC) of classification. The equations are as
follows, respectively:

g _ 1P (8)
TP+ FN
po _IN (9)
TN+ FP
_ TN+ TP (10)
TN+TP+ FP+FN

where TP is the number of true positives,
TN is the number of true negatives, FP is
the number of false positives, and FN is the
number of false negatives.

Kappa statistical analysis was also used
in this study to assess the agreement be-
tween the expert’s score and the proposed
method [26, 27]. Kappa is considered as a
measure of the true agreement between the
two scores by taking into account the agree-
ment that would be expected purely by
chance. The kappa coefficient is defined
as:

P —-P

o [ 11
o (11)

kappa =

where P, is the proportion of the observed
agreements and P, is the proportion of
agreements expected by chance.

3. Results

The procedure of the proposed automatic
sleep stage scoring process starts (after the
pre-processing step) with the computation
of the CWT using the three mother wave-
lets mentioned earlier. Then, the time fre-
quency entropy is calculated for the fre-
quency bands that correspond to the EEG
waveforms and events.

The performance of the proposed auto-
matic sleep stage scoring system was evalu-
ated using features from a single mother

© Schattauer 2010
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wavelet for each of the mother wavelets
mentioned earlier and a combination of 1
the three mother wavelets (multi-wavelet).
The algorithm was tested against a manual
score by experts available with the 32 rec-
ords (subjects). »-Figure 5 shows the aver-
age accuracy and kappa coefficient using
the single wavelet (db20, gaussl, rbio3.3)
features and the multi-wavelet features.
The multi-wavelet classification-based
procedure was found to outperform the
single-wavelet classification with an aver-
age accuracy of 0.84. The kappa coefficient,
which measures the agreement between the
expert’s score and the proposed methods
score, was found to be 0.78 (the maximum
possible value is 0.96), which indicates a
substantial agreement [25].

The classification of each sleep stage
using the multi-wavelet procedure was
further analyzed and performance meas-
ures were calculated for each sleep stage as
shown in P-Figure 6. These statistics were 1

B Multi-Wavelet

B Reverse bio-orthogonal 3.3
| O Daubechies 20

ILEI_Guuss 1

Accuracy Kappa factor

Fig. 5 The accuracy and kappa coefficient for the multi-wavelet-based classification and single wave-
let-based classification using rbio3.3, db20, and gauss1

calculated based on a one-versus-all clas- gl ;J‘ =

sification (the analyzed stage is the positive ' _ - 2

and all other stages together are the | 08 = [ S ‘@ Wake
negative). The results indicate that the 0.7 i= iz Siames
awake stage has the highest performance 0.6 - UI"EE . E i
compared to the other statistics with an ac- 05 L e i * =8 m Stage 2
curacy of 0.93 and a kappa coefficient of sal HEE HHE | |©Stage3
0.89, while stage 1 and stage 3 have the ' e ] | B Stage 4
lowest classification performance com- 0.3 = : 1 |@ REM |
pared to other stage with an accuracy of 0.2 HE > — ===
0.69 and 0.62, respectively. The errors in | 0.1 Eﬁ

each stage can be investigated by looking 5.4 | . || A =N

into the confusion matrix, shown in » Ta- Accuracy Sensitivity Specificity Kappa

ble 3, which indicates the agreement be-
tween the proposed method and the ex-
perts’ score. The high accuracy in classify-
ing the awake stage can be explained by the
high number of awake stages in the record-
ings. The low accuracy values reported for
stage 1 and stage 3 can be attributed to the

Fig. 6 Performance statistics for each sleep stage

Table 3 Scoring agreement between manual scoring and the proposed method (confusion matrix)

low number of epochs for this stage and the Experts’ Score
confusion between these stages and other Stage Awake Stage1 Stage2 Stage3 Stage4  REM
similar stages due to their similar proper- =,
ties. § Awake 18117 126 456 42 9 219
Y |Stage 1 321 1392 207 66 ly) 351
<))
. . 'S |Stage 2 549 120 8337 429 36 414
4. Discussion and g
conclusi = |[Stage3 174 87 774 1635 246 72
onclusions =
S |Stage4 48 96 102 360 1575 0
This work presented a new approach for REM 300 183 624 102 9 4158
automated sleep stage scoring based on -
wavelet time frequency distribution, with ccuracy — e — e it —
© Schattauer 2010 Methods Inf Med 3/2010
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linear discriminant analysis being used as
the classifier. The implementation included
the use of three different mother wavelets
and a combination of these wavelets. The
performance measures indicate that the
approach of using a single mother wavelet
and a combination of the three mother
wavelets was successfully implemented in
automatic sleep stage scoring with multi-
wavelet approach and outperforms the
single mother wavelet approach. The rea-
son is that the multiple-wavelet method
provided better ability to detect the differ-
ent EEG waves in terms of frequency and
shape as the three mother wavelets have dif-
ferent shapes and frequencies. Fur-
thermore, the use of wavelet time frequen-
cy entropy has shown to be a powerful tool

for feature extraction for non-stationary
EEG signal, where the duration and the
occurrence of EEG bands within the epoch
are variable.

The use of linear discriminant analysis
has shown to be accurate, simple, and fast
compared to the traditional neural net-
works method. The accuracy of classifying
some stages (stages 1 and 3) was found to
be less than others. This was mainly due to
the low number of these stages in the train-
ing data and the similarities with other
stages. Furthermore, the recorded signals
were shown to an expert and there was a
discrepancy between the score reported by
the expert and the associated score with the
data which may be another source of error.
In this work, single EEG signal was the only

Table 4  Recent works for automatic sleep stage scoring

information used for extracting features.
Further improvement can be done to this
method by including the EMG and EOG in
the classification between the REM and
NREM stages. This can be implemented in
two steps: First the data can be classified
into two groups: NREM group (awake and
stages 1-4) and REM group. The second
step is classifying the NREM stages.

The choice of the mother wavelet is also
another way of improving the performance
of the suggested algorithm. This can be done
by studying the shapes of the different EEG
bands and constructing a special mother
wavelet(s) that better match their shapes.

The performance of the proposed pro-
cedure was compared with recent works
available in the literature listed in »Table 3

Authors Method Signals Dataset Performance
Hanaoka et al. [28]  Feature extraction: Detection of EEG waveforms and events. EEG, 5 subjects 80% Accuracy
Muscle discharge level (EMG). Rise angle, the fall angle, and the ~ EOG,
angle, time, and amplitude until reaching the flat. EMG
Classification: decision-tree learning,
Tagluk et al [29] Feature extraction: N/A EEG, EMG, EOG 21 subjects  75%
Classification: Artificial neural networks
Wang et al. [7] Feature extraction: Duration of alpha activity, duration of slow  EEG, EOG, EMG 4 subjects  Accuracy:
wave activity, amplitude of mixed frequency activity, amplitude of Awake 89%
high frequency activity, amounts of eyes movements, amount of REM:68%
muscle activity. $1/2: 82 %
Classification: Conditional probability of the knowledge base. S3/4: 96%
S1/2: sleep stages 1 and
2 were considered as one
stage and S3/4 as well.
Park et al. [30] Feature extraction: Spectral method by calculating the power EEG, EOG, EMG 6 subjects  Accuracy 87.5 %
spectral densities of different EEG frequency bands, state of the
EOG by calculating the spectral power at 2 frequency bands and
the correlation coefficient between left and right EOG, and tone of
the EMG using the average of every half second variance between
interquartile ranges.
Classification: Case based reasoning and hybrid rule
Anderer etal. [31]  Feature extraction: Background activity of the EEG signal at five EEG 590 subjects Accuracy 80% kappa:
different frequency bands (delta: 0.5-2 Hz; theta: 2—7 Hz; alpha:  EOG 0.72
7-12 Hz; beta: 12-20 Hz and fast beta: 20-40 Hz) and the pre- EMG
dominant activity (density) as well as the mean amplitude (inten-
sity), mean frequency and its variability each frequency band and
for the total band (0.5-40 Hz). EMG trimmed mean of square am-
plitudes.
Classification:
Rule-based and linear discriminant analysis
Current study Feature extraction: Time frequency entropy at different frequency  EEG 32 subjetcs  Accuracy: 84%
bands kappa = 0.78
Classification: Linear discriminant analysis
Methods Inf Med 3/2010 © Schattauer 2010
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[7, 28=31]. Most of these works concen-
trated on the classification algorithm more
than the feature extraction procedure
where classical spectral and time ap-
proaches were used. In comparison, this
study used time frequency distribution to
represent the EEG signal. Except for the
study of Anderer et al. [31], the studies
shown had used small number of subjects.
The performance statistics obtained for the
proposed method is among the best com-
pared to the studies tabulated in »Table 4.
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