                                                             Sleep Stage Classification using Wavelet

                                                                                        Transf orm and Neural Network

                                                                                                   Edgar Oropesa

1
 , Hans L. Cycon

2
 , Marc Jobert

3

TR-99-008

March 30, 1999

Abstract

                             In this paper we present a new method to do automatic sleep stage classification. The algorithm consists of

                             basically thr ee modules. A wavelet packet transfor mation (WPT) is applied to 30 seconds long epochs of

                             EEG recor dings to provide localized time-frequency infor mat ion, a feature generator which quantifies t he

                             infor mation and reduce t he data set size, and an artificial neural net work for doing optima l classification.

                             The classification r esults compared to those of a huma n expert reached a 70 to 80% of agreement.

                             1
                                Institute of Cybernetic Mathematics and Physics, ICMF, Havana, Cuba

                             2
                                Fachhochschule für Technik und Wirtschaft, FHTW, Berlin , Germany, on leave at ICSI 1999

                             3  PAREXEL, Independent Pharmaceutical Research Organization, Berlin, Germany

        INTERNATIONAL COMPUTER SCIENCE  INSTITUTE

1947 Ce nter St. ¯ Sui te 600 ¯  Berk eley, Calif ornia 94704-1198 ¯  Phone (510) 643-9153 ¯ FAX (510)

643-7684

Introduction

Electroencephalogram analysis (EEG) is a very

useful t echnique t o investigat e the activit y of the

central ner vous syst em (CNS). It provides

infor mation relat ed t o the brain activit y based on

measur ements of electrical recor dings taken on the

scalp of the subjects. Infer ence and studies about

subject´s hea lth and effective treat ment of some

diseases can be carried out analyzing the

infor mation obtained from the EEG. Processing of

the recorded infor mation mainly concer n spectral

analysis. Sleep EEG is a ver y important research

branch of medicine, because of the clinical

applications.

Sleep scoring by a human expert is a very time-

consuming task and nor mally could require hours

to classify a whole night recording (8 hours).

Every 30 seconds epochs are classified in differ ent

sleep stages, according to the structure of the

signal and rules defined by Rechtschaffen and

Kales [7].

In the past 20 years differ ent automatic met hods

have been developed with the purpose of supplying

the visual classification. In this last decade  several

works introduced t he use of neural net wor k (NN)

as a tool for automated sleep scoring. Most of the

syst ems used spectral infor mation of the signal

using Fourier Transfor mation [1].

The results are differ ent from one syst em t o

anot her. Performa nce of the NN varied in the range

60-90 % of recognit ion rates. Rigor ous

comparisons bet ween t he reported systems can

hardly be done because they differ in r ecording

conditions and validation procedur es.

In a paper published 1994, Jobert et.al [2]

illustrated advantages of the wavelet analysis over

the Fourier analysis in sleep research. Motivat ed

by the adaptive time-fr equency localization

property of the Wavelet Transfor m (WT) and the

fact that some structures in sleep recordings have a

well defined time-fr equency (t-w) pattern we

designed a system based on a specific Wavelet

Packet Transfor m (WPT) and a NN structure for

the classification task.

Fourier and Wavelet Analysis, Time-Frequency

Localization

The Fourier Transform (FT) has been widely used

for signal processing. It is a powerful t ool to study

the frequency cont ent of signa ls but it has the

draw-back that it does not provide any loca lization

in time. To overcome t his problem the Windowed

Fourier Transfor m or Short Time Fourier

Transform (STFT) was suggest ed (1),

STFT f w s g t s f t e dt
iwt
( ( , )) ( ) ( )

*
= -

-
ò

      (1)

wher e g is a given time window which can be

shift ed in time.

Since t he sa me window is used, t-w r esolution is

fixed over the whole signal, det er mined by the

window´s supports in time and frequency doma in.

The discret e version of the FT is made on a

rectangular grid m n Z t w
. , ,

Î > >

0 0

0 0  , (2),

STFT f g t nt f t e dt

m n
imw t

,

*
( ) ( ) ( )

= - -
ò

0

0

      (2)

The window g is supposed to be compactly

supported and to fulfill some smoot hness

properties. If g is Gaussian then the STFT is called

Gabor Transform [3].

A mor e elega nt version of time fr equency analysis

is wavelet analysis [4],[5] wher e  a so-called

mot her-wavelet
y ( )t
is shift ed and scaled leading

to a constant relative bandwidth.

y ( )t
is a

localized oscillation wit h the property :

y y
( ) ( )
t dt w

= = =

- ¥

¥

ò

�

0 0                                       (3)

The Wavelet Transfor m (WT) is then defined

analogous to  (1)

WT f a b f t t dt

a b

( ( , )) ( ) ( )

,

=
ò

y                            (4),

wher e

y y

a b
t

a
t b

a

,

( ) ( )

=

-
1

, a R b R

Î Î

+

,             (5)

y

a b
t

,

( ) are called wa velets. They are scaled

(stretched and compressed) versions of the mot her

wavelet
y ( )t
.

The t-w resolut ion depends on t he scaling

paramet er a. For smaller a
y

a b
t

,

( )  has a narrow

time-support and ther efor e a wider frequency

support. When a incr eases, time support of

y

a b
t

,

( )  incr eases as well and frequency-support

becomes narrower. The translation paramet er b

det er mines the localization of
y

a b
t

,

( )  in time.

The discret e WT is defined taking discr et e values

of a and b as follows (6):

  a a b nb a

                    m m
          = =
                    0 0 0

                         , ,   m n Z a b

                                                                        , , ,

                                                                                Î > >

                                                                                                 0 0

                                                                                                          1 0

  WT f a f t a t nbo dt
              m n

                                                m
                                                                                          m

                  ,

                       ( ) ( ) ( )

                                   = -

                                             -
                                                                                       -

                                                         ò

                                            0

                                                     2

                                                                                      0

                                                                          y           (6)

The tiling of the t-w plane is ver y differ ent from

the rectangular grid of t he STFT. A logarithmic

frequency scale is obtained, Fig.1., which allows a

bett er study of short-time high fr equency

structures.  Low frequencies are sampled wit h

large time st eps while high frequencies are

sampled wit h small st eps.

Fig.1. Time -Frequency Tiling a) STFT, b) WT

          Case a
                                       0

                                           =2

In practical applications the values a
                                                                                                                    0

                                                                                                                      =2, b
0

=1 are

chosen. This choice naturally connects

mult iresolution analysis wit h wavelets [6]. In this

case, WT can be seen as generated by a pair of

quadrature mirror filt er, QMF (h,g), wher e h is a

low pass filter and g a high pass filt er. We consider

only finit e impulse response filt er (FIR). h,g are

finit e sequences related by :

  g n h n

                                  n
     ( ) ( ) ( )

                = - -
                            1 1 ,

            g n( ) =

 å
                               0 , h n( ) =

                                       å
                                                                         2                                   (7)

wher e h  is related to the so-called  scaling funct ion

 f  [4]  and g to the mot her wavelet y  by  :

 f f

 y f

     ( ) ( ) ( )

      ( ) ( ) ( )

        x h n x n

         x g n x n

                        n

                          n

               = -

                 = -

                     å

                       å

                                                2 2

                                                  2 2

                                                                                                                 (8)

For a discret e signal x of finit e length {1..2 N },

define t he following operators H.G:

( ) ( )

( ) ( )

Hx h n k x

Gx g n k x
k n

n

k n

n

= -

= -
å

å

2

2

         (9)

H, G are convolution-decimat ion operators. H,G

acting on x are convolut ions with bot h filt ers h,g

and a downsa mpling by two. This transfor ms the

signal x in two subbands of same length ,{Hx},

{Gx}. {Hx} contains the low pass band and {Gx}

the  high pass band.

Recursive application of  H and G on the low pass

band defines the WT, as shown in Fig.2.

Each band in the tree spans the whole time ext end

of x, so time resolution decreases by a factor of 2

in each it eration , but frequency resolut ion  doubles

as one goes from t he top to the bottom in the WP

tree .

Recursive application of the operators H,G on bot h

bands defines the �wavelet packets^.  Fig.2

Every non-overlapping complet e set of subbands,

allows a complet e reconstruction of the signal,

including those obtained by mixing differ ent levels

of the tree.  In this huge library of subband s one

can choose one distribution of subband s having a

good t-w resolution for the particular signal to be

analyzed.

The WT is just one special case of the WPT. Fig.2.

Fig.2. a) Wavelet Tree, b) Wavelet Packet Tree.

The top subband  contains the signal x, wit h

Nyquist Frequency Fn.

EEG Sleep, Sleep Stages Structures

 In huma ns, 5 sleep stages and the stage awake are

defined [7],[8]. Each sleep stage is characterized
by an specific pattern of frequency cont ent. The

EEG spectrum is divided in 5 bands for a better

study

Delta    0 - 4  Hz

Theta   4  - 8   ^

Alpha   8 - 13  ^

Beta1  13 - 22  ^

Beta2  22 - 35  ^

The following sleep stages are defined:  Fig.4.

Stage awake : Signal wit h cont inuit y alpha activity.

Stage 1: No presence of alpha activity, low beta

and theta activit y,

Stage 2: Less than 20 % of delta activit y and

presence of K-complexes and spindles. K-

complexes are low fr equency waves near 1.0 Hz,

with an a mplitude of at least 75 mV. Spindles are

well defined wa ves in the range 11-15 Hz wit h a

time duration of mor e than 0.5 seconds. There is

no crit erion about the a mplitude of a spindle.

Stage 3: Mor e than 20 % and less than 50 % of

delta activit y,

Stage 4: Mor e than 50 % of delta activit y.

Stage  REM: Low a mplitude wa ves wit h little

Theta activity and oft en sawt ooth waves. REM and

awake signals might have a similar shape, but

REM have little alpha activity.

The classification of EEG sleep is usually made by

a visual scorer, which takes 30-s epochs and give a

classification according to the rules of

Rechtschaffen and Kale [7]. Not every epoch has

100 % properties of an specific stage. The decision

is made according to which stage properties are

present the most and that is somet imes difficult to

be carried out.

In Fig.4. we plott ed signals from sleep stages 1,2,4,

awake and REM. Stage 3 signals have usually a

similar shape as those recorded in sleep stage 4,

they only differ in the a mplitude delta activit y. We

plotted the scalogram : absolut e value of the

Wavelet Packet´s coefficients. Absolut e value of

each coefficient was color coded, accor ding to the

color scale used. Fig.4. Every coefficient is

represent ed by a rectangle of size det er mined by

it´s t-w resolution.

Linear int erpolation was made in order to give a

cont inuum color representation and a logarithmic

scale representation was used in the fr equency

axis.

We see t hat the scalogram  clearly shows ,

specially, in stages 2, 4 and a wake the expect ed t-

w characteristics of the pattern. K-complex and

sleep spindles are well localized. The cont inuit y

alpha activit y typical from a wake stage is well
represent ed. Even when the coloration coding

could not be optima l for representing Beta activity,

one can see the little beta activit y in the first half of

the stage 1 signal. Slow wave phenomena (K-

complexes and delta waves) have usually great

amplitude and get the most int ense color.

On the right column the power spectrum or

spectrogram is depict ed, calculated wit h the

Fourier Transfor m. The signals are segments of 16

seconds (2048 Samples).The EEG was sampled at

128 Hz.

In the spectrogra m the frequency cont ent of the

bands is well repr esent ed.

Methods

A WPT of depth 8 (i. e. 8 levels)  was designed. Out

of the fa mily of generated subbands  we select ed

those containing frequency information of the

following 7 bands. Fig.3.

1.   0.4   -  1.55 Hz } K-complexes + Delta

2.   1.55 -  3.2    ^   } Delta

3.  3.2   -  8.6    ^  } Theta

4.  8.6  - 11.0   ^   } Alpha

5. 11.0 - 15.6   ^   } Spindle

6. 15.6 - 22.0   ^   } Beta1

7. 22.0 - 37.5   ^   } Beta2

Fig.3 WPT , select ed subbands

Time r esolut ion varies according t o the band in

logarithmic scales according to the branch of the

tree, wher e the coefficients belong to. Sma ll-

frequency waves(delta wave , K- complexes) have

broader time resolut ion and high-frequency waves

(spindle, alpha wa ves) ha ve finer time r esolut ion

For ever y 30 seconds epoch taken from t he central

EEG electrode C3, we calculated the mea n

quadratic value (t he so-called Ener gy E) of the WP

coefficients for each of the 7 bands. These 7

numbers E i
i

, :

= 1 7 wer e used as features for the

epoch. Additionally we defined 6 mor e features
based on total ener gy and the ratio of differ ent

ener gy values :

8.Total Energy of t he 7 bands  E E
i

                                                                                                                i

                                                                                                     8

                                                                                                                     1

                                                                                                                   7

                                                                                                          =

                                                                                                                  =

                                                                                                                å

9. Ratio (E1 + E2)/E8   Percent     Delta  Activit y

10. ^  ^      E4/E8              ^   ^      Alpha   ^  ^

11. ^  ^    (E1 + E5)/E8     ^   ^      KK and Spindle

12. ^  ^      E4/E3             Ratio      Alpha/Theta

13. ^  ^    (E1 + E2)/E3     ^ ^        Delta/Theta ,

Classification and Results

For the classification task we used a Feed Forward

Backpropagation Net work wit h the following

structure: 13 neurons in the input layer, each one

getting one of the 13 features; 10 neur ons in the

hidden layer fully connect ed to the first layer and 6

neurons in the output layer, wit h a defined target

vector of zeros and a one in t he position accor ding

to an specific sleep stage. The output layer was

fully connect ed to the hidden layer. The goal of the

net work was to correctly classify the 30 seconds

epochs of sleep r ecording characterized by t he 13

paramet ers.

We used the wavelet db20, from the Daubechies

Family of Orthogonal Wavelets, wit h compact

support and highest number of va nishing moments.

Differ ent number of neurons in the hidden la yer

wer e t ested , varying the number from 6 to 15

hidden neur ons, being the optimum of the learning

rate by 10 neurons. More than 10 did not bring any

improvements in the r esults.

The data set consisted of 2 EEG, sampled at a

frequency of 200 Hz, which provided a total of

1690 30 seconds epochs, distributed as follows:

340 epochs of REM, 350 of  awake, 400 of S2, 300

of S1 and 150 of S3 and S4 respect ively. Because

of the few number of data in stages 3 and 4, we

decided t o test the perfor mance of the net work

only on the other 4 stages. 200 samples of every

stage wer e used as training set and the rest to test

the perfor mance of the net wor k.

The results are shown in the confusion matrix-table

(Tab. 1). The table is organized is as follows: in

each row the perfor mance of the  net work is

represent ed by an specific sleep stage, each column

represents the results of the classification. In the

case of  `No decision´ the net could not classify

the epochs. The diagonal of the table represents the

number of epochs which wer e right classified.

The training process showed high dependency on

the initial weights distribution in the net work. The

most used training funct ions, Gradient descent

Backpropagation wit h and wit hout momentum

showed the fastest it eration in the learning process,

but the solution always conver ged to a loca l

minimum, although some random noise was added

to the weights. The training funct ion which showed

the best perfor ma nce was the Levenber g-

Marquardt (LM). Using this, the it eration process

slowed down considerably, but convergence to a

minimum was always reached and the cost

funct ion conver ged to zero much faster than with

ot her training functions. All the results present ed

her e wer e obtained using the LM training function.

Learning set: 800 Epochs

      # Epochs Rem Awake S2 S1 No Decision Total Agr ee. %

            Rem 194 0 0 3 3 200 97

         Awake 2 196 1 0 1 200 98

               S2 0 0 198 2 0 200 99

               S1 1 1 7 190 1 200 95

800 97.5

Table1. Neural Net wor k perfor mance on the learning set

Testing S et: 590 Epochs

      # Epochs Rem Awake S2 S1 No Decision Total Agr ee. %

            Rem 91 1 0 43 5 140 65

         Awake 5 111 0 25 9 150 74

               S2 1 0 181 13 5 200 90.5

               S1 16 2 0 75 7 100 75

590 77.6

Table2. Neural Net wor k perfor mance on the t est set.

Conclusions

A new met hod for doing automatic sleep stage

classification has been present ed and the

application on data set tested. As far as we know,

only Fourier Transfor m met hods have been used in

this problem. As explained, wavelet transfor m

allows an adaptive time frequency resolut ion, and a

met hod using WT should be able to ident ify the

differ ent time-fr equency pattern of t he sleep

stages. The aim of the report was to show first

results of the designed algorit hm The net we used

learned wit h a 97.5 % of agreement over the whole

learning set. Perfor mance on the whole t est set

reached a 77.6 % of agreement, which can be

consider ed as an encouraging result. The data used

for testing and training the syst em are in fact sma ll.

In further experiments, the syst em is supposed t o

be t est ed in at least 8 EEG recordings, 4 for

training and 4 for testing. We expect also to be

able to draw out of the EEG signal mor e detailed

infor mation in order  to propose the syst em as an

alternative for supplying visual scoring.

Acknowledgments

The authors wish to thank Gottfried Jungha ns

(FHTW) and Prof. Dr. Micha el Dlabka (FH

Telekom) for the fruitful discussions on neural

net work topics.

Bibliography

[1] Claude Robert, Christian Guilpin, Ayme Limoge,

Review of neural network application in sleep research.

Journal of Neuroscience Methods 79 (1998) 187-193.

[2] Marc Jobert, Christian Timer, Eric Oiseau and

Harmut Schulz, Wavelets - a new tool in sleep biosignal

analysis, Journal of Sleep Research (1994) 3, 223-232.

[3] D. Gabor, Theory of communication, Journ. IEEE,

93 (1946) 429-457.

[4] Martin Vetterli, Jelena Kovacevic, Wavel et and

Subband Coding, Prentice Hall Signal Processing

Series, 1995.

[5] Olivier Rioul and Martin Vetterli, Wavelets and

Signal processing, (1991), IEEE SP Magazine.

[6] S. Mallat, A theory for multiresolution.signal

decomposition: The wavelet representation, IEEE

Trans. Patt. Recog. And Mach. Intell., 11(7) July (1989)

674-693.

[7] Rechtschaffen, A., and Kales, A., A Manual of

Standardized Terminology, Technique and Scoring

System for Sleep Stages of Human Subjects, Public

Health Service, U.S, Government Printing Office,

Washington, DC, 1968

[8] N. Berbaumer, R.F. Schmidt, Biologische

Psychologie, Springer Verlag, 1991

[9] Ingrid Daubechies, Ten Lectures on Wavelets,

Soci et y for Industrial on Applied Mathematics,

Philadelphia, Pennsylvania ,1992

[10] R.Rojas, Neural Networks, Springer Verlag 1995

[11] Nicolas Schaltenbrand, Regis Lengelle, and Jean-

Paul Macher, Neural network model: application to

automatic analysis of human sleep, Computers and

Biomedical Research 26, (1993) 157-171

[12] N. Schaltenbrand et.al, Sleep stage scoring using

the neural network model: Comparison between visual

an automatic analysis in normal subjects and patients,

Sleep, 1(1) (1996) 26-35

[13] Piotr Jerzy Durka, Time-frequency analysis of

EEG, Doctor Dissertation 1996.

[14] Michael Groezinger, et.al. Online Detection of

REM sleep based on the comprehensive evaluation of

short adjacent EEG segments by artificial neural

networks, Prog. Neuro-Psychopharmacol. & Biol.

Psychiat. Vol. 21, (1997)  951-963

[15] Mladen   Victor  Wickerhauser,  Adapted  Wavelet

Analysis, from Theory to Soft ware, AK Peters,

Wellesley, Massachusetts 1994

Fig. 4 (Next page) Left Column: Signals, 16 seconds epochs from sleep stages 1,2,4, awake and R em, and

corresponding scalogram. Horizontal axis in bot h graphs is time, vertical axis in the scalogra m is

frequency  in Hz.

Right Column: Spectrograms: Power Spectrum from the STFT

Color Scale, Minimum  Maximum