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ABSTRACT

This thesis presents a study of the Karhunen-Loéve
expansion (KLE) data compression technique as applied to EEG.
signal. The KLE technique was found to give a data
compression ratio of 2.56:1, which is found to be feasible
for a mean-square error less than 15%. Typically, the
Karhunen-Loéve expansion was found to cause high frequency
information losses. Straight 1line interpolation techniques
were also investigated. The straight 1line interpolation
techniques were found to be inferior to KLE, because, 1in
general, they introduce a higher amount of distortion to the
signal. However, they were able to better approximate spike
activity in the EEG. Terminal <classifiers were also
designed to test the KLE ability to preserve the EEG signal
characteristics after approximation and to recognize the

epileptic abnormalities associated with EEG.
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CHAPTER 1

INTRODUCTION

1-1 Overview

Electroencephalograms, or EEG's, are recordings of
the electrical activity of the brain. These recordings are
useful, because many physiological abnormalities produce
characteristic waveforms 1in the brain's activity. Today,
EEG's are used routinely to provide information relevant to
the diagnosis, prognosis, and treatmeunt of a great variety
of abnormal conditions, including epilepsy, cerebral tumors
and thrombosis, developmental abnormalities, and metabolic
and endocrine disorders [1l]. They are also used as a
research tool in neurophysiology, and for monitoring sleep.
The traditional method of EEG interpretation involves visual
scoring by trained electroencephalographers. Keeping in
mind what is known about a patient, the
electroencephalographer observes the EEG's frequency and
amplitude, as well as spatial and temporal relations between
patterns which occur. The possible clinical significance of
these observations 1is then evaluated.

EEG consists mainly of three basic types of activity
- normal background rhythms, artefacts, and transients [24].

Normal background activity is generally classified,



based on its dominant frequency, into one of 5 frequency
bands: Delta (1~4 HZ), Theta (4-8 HZ), Alpha (8-12 HZ),
Sigma (12-14 HZ) and Beta (14-35 HZ). The second category
of waveforms observed in the EEG 1is artefact, which |is
defined as any potential difference due to an extracerebral
source. Artefacts are generally undesirable disturbances
which may be transient or last throughout an entire record.
There are several sources of artefact, including head, arm
or leg movement, eye blinks, faulty electrode connections,
and extraneous physiological signals such as ECG, EOG, and
EMG activity. The third type of activity present in the
EEG 1is transient activity. Transients appear in a variety
of forms, the most important of which are associated with
epilepsy.

Unfortunately, there are many problems associated
with traditional methods of EEG analysis. The clinical ERG
is, to a large extent, more of an art than of a science [2].
Evaluation of records is very dependent on such factors as
the amount and kind of training and experience. There 1is
also considerable variation in evaluations by an individual
iﬁterpretor, not only from day to day and subject to subject
but in the same recording [3]. This lack of consistency and
standardization in the evaluation of EEG recordings 1limits

their usefulness as a diagnostic tool.



Additional problems have been posed by the advent of
prolonged EEG recordings. These recordings, which
generally last 24 to 48 hours (compared with 20 minutes for
a standard EEG), produce 1large amounts of data. For
example, a 24 hour recording on a standard EEG machine
would produce 2.5 km of writeout, and if it 1is sampled at a
rate of 200 samples/second, it will need a memory size of
nearly 69 Mbyte (using one byte to store each sampled
value). It is clear that a huge storage area is required
to store these recordings for later use, beside that the
analysis by hand of such an amount of data on a routine
basis presents a formidable task.

A possible solution to the above stated problems is
to develop a computerized system for EEG analysis. Such a
system could offer many advantages, including an objective,
consistent evaluation of the EEG. Automated analysis would
free highly skilled electroencephographers from the labour
of evaluating a large number of easily classifiable
records and allow them to concentrate on tasks which make
better use of their expertise. Also, it is of interest to
develop methods of achieving a substantial reduction in the
data volume required to store these records. Computer—
based techniques hold a particular promise for evaluating
prolonged EEG recordings, and for reducing the storage

needed by these recordings. Clearly, based on



the preceeding discussion, there is considerable motivation

for developing computerized systems for EEG analysis.

1-2 FTormat of the Thesis

This thesis describes research aimed at
investigating the capability of various <compression
techniques in reducing the memory size required to store
the EEG recording, and developing an automated system to
recognize abnormalities in the original EEG signal as well
as in the compressed signal. In particular, a computer-
implemented system is presentéd which employs the Karhunen-
Loéve expansion (KLE) technique to achieve an acceptable
reduction 1in the required storage area. In addition, a
study was made to implement a computer—-based terminal
classifier to detect abnormalities associated with
epllepsy, and to check the validity of the data compression
technique.

The primary objectives of this research were (1) to
investigate the feasibility of using data compression
techniques, in particular KLE, to compress the EEG signal,
without altering its characteristics, (2) to investigate
the feasibility of using pattern recognition techniques in
recognizing epileptic abnormalities, and (3) to lay the
ground work for future research.

This thesis consists of two major sections.



Initially, in chapter 2 and chapter 3, we discuss the basic
theoretical background of different data compression
techniques and their efficiency with the signal in
question, 1i.e., the EEG signal. The remainder of the
thesis is <concerned with the designing of a terminal
classifier to detect abnormalities associated with the

EEG.

In Chapter 2, a theoretical introduction for the

data compression problem by way of orthogonal

transformations, with major emphasis on the Karhunen-Loéve
transform, and a discussion of a proposed system 1is
provided.

In Chapter 3, an investigation of other data
compression techniques - especially straight line
interpolation - 1is 1illustrated, and a comparison 1is given
between the different techniques with regard to their
validity for the EEG signal.

In Chapter 4, a design of a terminal classifier is
given, and a comparison 1is provided between varibus types
of terminal classifiers regarding their efficiency in
detecting EEG abnormalities.

Chapter 5 concludes this thesis by proposing
possible improvements to the EEG analysis system, and by

suggesting areas for future research.



CHAPTER 2

DATA COMPRESSION PROBLEM AND SOLUTION USING

\
KARHUNEN-LOEVE EXPANSION

2-1 Introduction

The EEG signal, in general, is a nonstationary
random signal. But the assumption that the statistical
properties do not change during short sections, leads to
the general descriptive model of an EEG signal, which
assumes the signal to consist of quasistationary segments
on which transients may be superimposed [6]. The presence
of such segments in the EEG suggests that its treatment as
a locally stationary signal would be valid. Therefore, the
first step in EEG analysis 1is often to divide it iato
manageable lengths. Different segmentation procedures are
discussed in [4], [5]. In our case, a one second segement
length 1is quite adequate, and ensures that the signal is
stationary within this interval.

Prolonged records of EEG signal range from 12 hours
to 48 hours, depending wupon the case to be studied, with
usually 4 recorded channels. 1f these records are to be
stored for later purposes, a storage medium with a large
memory capacity will be required. For example, a 12 hour

recording, on a 4-channel EEG recorder, sampled at a rate



of 128 samples/second, needs a memory size of almost 20
Mbytes, if each sampled value of an EEG is stored using one
byte in storage. Therefore, it is mnecessary to develop
methods to reduce the data volume needed for EEG recording
storage. Data compression leads to savings in the amount
of memory required to store the EEG in digital form. Such
compression must be accomplished without sacrificing the
information requirements of the user, e.g., the signal can
be reconstructed within a specified error. Different
techniques for accomplishing data compression, din many
different fields of interést, are discussed in [8], [91,
[10].

This chapter presents the results of an initial
study to determine the feasibility of securing
electroencephalograph (EEG) data compression via orthogonal
transforms, in particular, the Karhunen-Loeve Transform
(KLT). A proposed system for implementing such a technique
is given. Comparisons between the reconstructed EEG signal
(from the compressed daté) and the original EEG, are also
given. Besides, the capability of KLE as a feature

extraction technique 1is introduced.



2-2- Karhunen—LoEve Expansion (KLE)

2-2-1 KLE as a Feature Extraction Technique

A possible solution to the problem of excessive
feature space dimensionality is to perform a linear
transformation on the data, mépping it into a lower
dimensional space. A linear transformation could be
applied to either continuous, or discrete data form.
Appendix A illustrates the application of KLE to EEG in
its continuous form. Here, we concentrate on 1its
application to discrete data since this 1is the major
corner-stone in this thesis. More precisely, let y(t) be
the (random) EEG signal, and assune, for convenience, that
it is a zero mean random process. If the epoch of interest

spans the time interval t1 to t2, the N time samples taken

at evenly spaced intervals of T seconds can be expressed by
Nxl dimensional random patterm vector:

Yy = y(ty) ‘\
y(t1 + T)
* ’ (N - 1)T =
. (2-1)




Given, any set of N, N x 1 dimensional orthonormal basis

vectors:

T L
{cl)i}) i = 1, 2’ L ] N ¢i ¢j _{' 1 = J (2__2)
0 i # ]

Y can be expressed as a weighted sum of those vectors:
N
Y = ¥ ¢,% (2-3)

where the random coefficients, X, are linear functions of
the random vector Y:

T E
x, = ¢,Y 1 =1, 2, veve, K (2-4)

What 1is desired is an approximation of Y using fewer than

N basis vectors and coefficients:

M
Y =% ¢, x, t+ e , M<KH (2-5)
where e 1is an Nxl dimensional random vVector representing

the error incurred by the truncation of the series.

Defining the Mxl random vector X:
X = xlw
X2

. (2-6)
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we may express the linear transformation of the high

dimensional pattern vector Y into the lower dimensional

feature vector X as:
X = [¢; 05 eeesd ]TY (2-7)
1 72 M

The components of X can then be interpreted as a compact
set of features which represent the original pattern in
that the original EEG may be reconstructed from these
features with some small error. If the 1linear
transformation is successful, the dimensionality, M, of the
feature vector, X, can be made much smaller than the
dimensionality, N, of the pattern vector, Y, while still
maintaining acceptably small values of the error vector.
Several transformations have been developed; among them are
the orthonormal exponential, Fourier, Haar, Discrete
cosine, Walsh-Hadamard, and Karhunen—LoEve transforms {117,
[r21, [13].

The Karhunen-Loeve transform (KLT) is unique among
them in that it has been shown to possess ¢two optimal

properties:

1) - 1t minimizes the mean-square of the representation
when only a finite number of basis functions are used
in the expansion (eqn. (2—21)).

2) - it minimizes the entropy function defined in terms of
the average squared coefficients used in the

expansion [l4].
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The maximization of population entropy is defined
by:
h = - E {Ln[p(X)]} (2-8)
where p(X) 1is the probability density function for x.
Besides the above, another property 1is that the
coefficients of the expansion (the resulting features) are
uncorrelated (eqn. (2-18)).

The Karhunen—LoEve transform, then, constitutes an
optimal specification of the basis vectors. In
mathematical terms, let R be the N X N correlation matrix:

R=E (YY) (2-9)
It has been shown that the expected squared error given by:

E {eTe} (2-10)
is minimized over the choice of all orthornomal basis
vectors if they are chosen to be solutions of the

eigenequation:

R ¢, = A, 0, (2-11)

and if the subscripts are chosen such that:

)\,1 > )\2 > e o 0 > >\.m > LR ) > 7\1’1 (2"1.2)

The KLT features are computed by finding the projection of
the vector of time samples along the unit magnitude
eligenvectors corresponding to the dominant elgenvalues of
the correlation matrix. The optimality of this
transformation lies in the fact that it attempts to take
advantage of any statistical regularity in the ensemble

being represented. Consequently, reiatively few
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coefficients may be wused to represeat a much higher
dimensional data vector with minimal error.

From a signal space point of view, the KLT performs
a rotation of the coordinate frame such that the axes are
aligned with those directions in which maximum statistical
deviation 1is observed 1in the signal ensemble being
represented. Because this transformation 1is rotational
(and to the extent that the representation 1is a good
approximation of the original signal) the structure of the
original signal space {is preserved. Distances between
various signals in the original space should be almost
identical in the new feature space, and the Euclidean
Distance algorithms employed by a number of researchers
[15-16] should be just as applicable in the new feature
space.

A number of researchers have already explored the
application of XLT to ECG data [L2-17], speech data [13]
and image coding [18]. 1In this thesis, our interest is of
course in applying the technique to EEG data. As mentioned
we shall investigate it as a data compression technique.
Also we shall discuss its validity with EEG as a pattern

recognition technique.

2-2-2 KLE as a Data Compression Technique

Because much of the justification of the Karhunen-—

Lotve transform (KLT) is based upon the fact that the
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original EEG signal may Dbe reconstructed from its
associated random coefficlents (features), an evaluation of
the KLT from the standpoint of the mean squared
reconstruction error is presented in this section. The
examination of the KLT from the point of view of EEG
classification is left for chapter 4. As described in the
previous section, the KLT is a linear feature extractor.
That is, the MX1l feature vector:

Ty

X =

. (2-13)

XM
L
ig derived from the NX1 pattern vector:

Yt = [y, |

71

Y2
. (2-14)

L \

through the transgormation:
X = Ty 2-15
- [¢)1¢2""¢M] ( )
where the M basis vectors of the transformation matrix are

chosen to be those elgenvectors corresponding to the M
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largest eigenvalues of the correlation matrix, R:

R ¢, = A ¢, (2-16)

Because Wwe assume that the <correlation matrix is
nonsingular, and Dbecause the correlation matrix 1is
symmetric, its N eigenvectors form a complete orthogonal
(henceforth presumed to be orthonormal) basis spanning the
pattern space. Hence, the pattern vector may be

represented exactly by N features (coefficients):
N
Y = I, %0 (2-17)

where the features are given by eqn. (2-4). The features

are also uncorrelated, i.e.:

E {Xi x,} .
J t (2-18)

]
>
N

fl

—

An approximation of Y using M (KN) features (random

coefficients) 1s:

x 0, * e (2-19)

<
i
R

where e, the random error vector, is given by:

M
e =Y - I X, ,0 (2-20)
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The mean square error of the approximation is defined by:

M
oxg)) (2-21)

E {eTe} = E{(Y -~
i

[ ne B4

T
x; 0,0 (Y~
1 i

The eigenvalues are of particular interest because they
indicate the degree to which the approximation of (2-19) 1is
degraded when coefficients are deleted from the
representation. Equation (2-213 can be re-expressed to
show this. Carrying out the inner product in (2-21) and
using (2-17) to substitute for Y in the middle term,

(2-21) becomes:
M M

M
E{eTe} = E{YTY - 2 T xi¢§ Y + 3 ) xi¢§ d.% .}
i=1 i=1 j=1 1
M M M M
= E{YTY - 2 7 b¥ x.¢§¢.x. + 3 by x.¢?¢.x.}
g=1 4=1 + 133 4=1 5=1 t F I
(2-22)

The two double sums may be reduced by virtue of the

orthonormality of the eigenvectors:

T M

T M
E{e e} E{Y' Y - 2 2 X, X + 3 x,x.}

T M
E{Y'Y - £ x,x,} (2-23)

using (2-4) to substitute for L and bringing the
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expectation into the sum:

M

E{ete} = E{Y'Y - % ¢f y YT¢1}
i=1
T L
= E{Y'Y}) - £ ¢, R ¢
1=1 i i
Moo
= trace (R) - I ¢; R ¢, (2-24)
1=1

where trace (R) is defined to be the sum of the diagonal
elements of R. Lastly, wusing (2-16) and applying

orthonormality we get:

T M T
E{e e} = trace (R) = % ¢, ¢.A
1=1 i i1
M
= trace (R) - L A (2-25)
1=1 1

From equation (2-25) it can be seen that:

1) - Trace (R) is the expected squared error incurred when
no features (randon coefficients) are used in the
approximation of Y (that is when the best a priori
guess E{Y}, 1s used as the approximation). This
quantity has been referred to as "total energy” in the
signal in question.

2) - The expected squared error decreases by an amount
equal to the ith eigenvalue when the ith coefficient
i{gs included in the representation.

It can be shown that the sum of all N eigenvalues is equal
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to trace (R), and hence N features can completely account
for the total energy.

It should be noted that the eigenvalues alone are
not very informative in that their magnitudes depend upon
the total energy of the signal itself. However, the ratio:

A,
i
trace (R) (2-26)

th
is useful in deciding whether or not the i feature should

be retained in the representation, for it measures the

fraction of the total energy accounted for by the it

coefficient. Similarly, the ratio:

M
)} ki / trace (R) (2-27)

is a measure of the fraction of total energy accounted for
by the M dimensional representation. The error due to this

representation can be re—-expressed as:

N
E{eTe} =35 A, - L A
N
= 3 A (2-28)

The above discussion presumes that the pattern
vector, Y, is a zero mean raundom vector. To ensure that
this is true, the mean must be subtracted from the vector
derived by éampling the EEG. 1If Z denotes the vector of
time samples taken from the EEG, Y is derived by:

Y = 2 - E{z} (2-29)
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The reconstructed signal can be found by adding back the

mean:

M
Zz = E{z} + ¥ x, ¢, 6 t e (2-30)
1=1 *

where e corresponds to the error vector defined by (2-20).
From (2-29) it can be seen that the correlation matrix of Y
is identical to the covariance matrix of 2.

Instead of storing the N samples of the EEG signal,
we can store only the M random coefficients, to achileve a
data compression ratio of N/M:1. Reconstruction of the EEG
signal with allowable amount of error is then possible.
The next section shows the results of the KLT application

as a data compression technique to the EEG signal.

2-3 Analysis of an EEG Data Compression System

2-3-1 Proposed System

If each EEG signal (epoch of one second length)
requires N words (bytes) to store its sampled values, then
an m:l data compression implies that on the average, N/m
words per EEG are required to store its KLT random
coefficients. Clearly the storage fequirements are reduced
by a factor m. Such compression must be realized
essentially without loss of the features necessary for a
physician to interpret the EEG. The effect of data
compression with respect to EEG has significant

implications; It could lead to the economical storage-—
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retrieval of EEG's in data banks, and hence enable an
institution to have readily available EEG records from
large numbers of patients. Figure (2-1) shows a block

diagram for a proposed system to achieve an m:l data

compression using KLT.
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(m:1)
Data Compression
Sampled (KLT) Storage
EEG medi
A ium
N samples/sec. M samples/sec.
(a)
Inverse (KLT)
Storage Al Reconstru- - |
medium ™ -cted EEG
(Reconstruction)
M»samples/sec. N samples/sec.
(b)
Fig.(2-1) KLT data compression of EEG signals by

a factor of m:1} (m=N/M)

(a) storage

(b) retrieval
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2-3-2 Implementation and Experimental Results

The Karhunen—Loéve transform, requires the solution
of an eigenvalue, eilgenvector problem for a large matrix
(NxN). The solution, which must be obtained only once for
all time, can be performed off line (with the hope that the
same eigenvectors could be used for all patients).

The following steps are necessary to go through 1in
order to find those eigenvectors:

1) - compute an (NxN) autocorrelation matrix R.

2) - obtain the eigenvalues and the corresponding
normalized eigenvectors of R.

3) - re-arrange the eigenvalues in a descending order.

4) - for a pre-determined allowable mean-square error,
determine the number M of the eigenvectors to be used
in the expansion.

5) - form a set of these M eigenvectors to be the basis of
the expansion and choose those eigenvectors which
correspond to the largest eigenvalues of R. These
eigenvectors are to be used in building the major
block in figure (2-1).

A computer program was written, using Fortran Language, to

perform these calculations, and is described in Appendix B.

Jacobi's method for a symmetric matrix was used to solve

the eigenvalue, elgenvector problem of an (NxN)*

autocorrelation matrix R'[l9].

* N = 128, since the sampling rate being used was 128
sample/sec.
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The eigenvalue, elgenvector problem was solved for
seven different epochs chosen at random, each belonging to
a different class .Table (1) illustrates the results of
using five eigenvector sets as applied to different EEG
epochs (each set consists of 50 eigenvector). It has been
shown that one set {(the lst set) of these eigenvectors was
more efficienmt than the others 1in representing the
available EEG data with respect to the mean square error of
the approximation. As an example, the first 16
eigenvectors of this set (obtained by using a normal epoch)
are shown in Figures (2-2) through (2-9).

| The mean-square error value of the approximation, is
dependent on the number of the eigenvectors to be used in
the expansion. Also, it is a measure of the efficiency of
the reconstruction operation. Figure (2-10) illustrates
the relation between the number of the eigenvectors used in
the expansion, and the resultant mean—square error. A set

of epochs was chosen at random to draw this graph. It is

clear, from the figure, that as we increase the number of
eigenvectors the mean—-square error value decreases.
Experimental results showed that 2.56:1 data
compression ratio 1is feasible. That 1is, 1if N(128) words
are required to store an EEG epoch in its original form,
then only M(50) words will be required to store it in terms
of its transform coumponents (the coefficients of the

expansion).
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Figures (2-11) through (2-22) show different
examples of original and approximated epochs of EEG signal
using only 50 eigenvectors. Each figure shows also the
resultant point by point error of the approximation and the
total mean—-square error. In Appendix C; tables of the
mean—~square error of some epochs approximation, are
provided. The mean-square error has been found to range
from 0.06% - 50.4%, with 83.7% of the epochs having a mean-

square error of less than 15%.
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Table 1: Results of using five different eignevector
sets with the EEG signal
epoch No. Set #1 Set #2 Set #3 Set #4 Set #5
1 5.94 7.59 13.92 11.35 31
2 2.71 2.52 6.38 3.42 15.68
3 5.48 8.16 14.35 7.9 47 .39
4 2.42 2.93 18.77 9.25 18.52
5 16.9 19.27 31.8 13.4 38.5
6 10.53 6.37 9.62 7.6 16.97
7 5.66 5.9 5.76 6.1 7.9
8 15.82 22.6 23.83 24.3 20.3
9 14.41 15.3 18.4 16.9 14.1
10 29.1 31.86 31.86 33.03 30.52
11 24.1 19.4 30.7 21.7 38.2
12 4.4 3.1 4.3 4,97 7.13
13 4.8 4.6 16.3 14.6 27.5
14 0.94 1.1 1.4 1.1 1.5
15 2.4 2.7 2.97 3.2 2.3
16 1.1 1.3 1.2 1.2 2.3
17 5.78 8.1 8.5 6.1 11.3
18 9.32 14.7 21.4 15.9 32.6
19 5.12 4.22 7.9 8.14 12.64
20 12.6 13.6 13.9 12.3 18.9
21 5.4 7 10.7 8.3 11.9
22 7.2 6.9 7.8 4,1 20.7
NOTE: The numbers listed in each row are the values of the mean—-square

error of the approximation,

using the shown eigenvector sets.
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CHAPTER 3

EEG DATA COMPRESSION USING STRAIGHT LINE INTERPOLATION

3-1~ Introduction

One of the well known category of data compression
is what 1is <called redundancy reduction. Redundancy
reduction is a technique for eliminating data samples that
can be implied by examination of preceding or succeeding
samples, or by comparison with arbitrary reference
patterns. Shannon has defined redundancy as "that fraction
of a message or datum which 1is unnecessary and hence
repetitive in the sense that if it were missing the nmessage
would still be essentially complete, or at least could be
completed”[8]. The choice of reference patterns used to
detect redundancy 1is virtually unlimited. Polynomials,
exponentials, and sine waves are good examples. of reference
patterns by which real data can often be approximated. The
process of redundancy reduction can be achieved by means of
"prediction” from a priori knowledge of previous samples,
or by a posteriori "interpolation" from future samples.

For redundancy reduction to achieve Treasonable
compression efficiencies, it 1is often necessary to
introduce certain errors. However redundancy reduction is

designed such that the original waveforms can be
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reconstructed with a guaranteed fidelity. This fidelity
can be established to supply the data within the accuracy
requirements of the user.

Many techniques for redundancy reduction are
possible, however, one simple method relies on the
approximation of the signal by polynomial segments or
"Interpolators”. The parameters of each polynomial are
stored in place of the original data. First order
polynomials, 1i.e., straighé line interpolation, are
considered here specifically although the idea can be
readily generalized to any other polynomial. At the end of
this chapter, a comparison is given between this technique
and the KLT technique with respect to their efficiency in

compressing EEG signal.

3-2- Description of First-order Polynomial Interpolation

Techniques

As the name implies, the first-order polynomial
interpolator algorithm approximates the data with a linear
curve. These algorithms operate by fitting the Ilongest
straight 1line to the signal data and storing signal
information.only when the signal deviates by more than a
preset error limit from the straight line. This error
1imit is adjusted according to the error criterion of the

algorithm. The non redundant samples are selected
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according to this criterion. The signal can be
reconstructed, with the resulting sample point error always
less than a fixed limit [10-20]. Several methods exist for
répresenting the signal by a straight line, the following

is a description of some of these methods.

3-2-1 TFirst-order Interpolator — Two Degrees of

Freedom [9-10]

The first—-order interpolator - two degrees of
freedom (Fan Interpolator) operates by fitting the longest

straight line between two sample points say Xo and Xn.

This is done such that all the intermediate sample points
fall within the slanting aperture defined by the two
straight lines between Xo + AX and Xn + AX, and Xo - AX and

Xn - AX as shown in Figure (3-1). Tt 1is obvious that this

algorithm uses the absolute value error criteria in fitting
the straight line. In this algorithm, the first point XO
is stored. A line 1is drawn between Xo and the second
sampled point after Xo, i.e., X2' If the first point after
Xo is within a tolerance AX of the interpolated value, then
a straight line 1is drawn between Xo and the third point

after Xo’ i.e., X3. The interpolated values of the first

and the second points are now checked to see 1if they are
i
within a tolerance AX of the actual values. If at the nt1

sample point after the last stored one, a line 1s drawn,
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and the actual value differs from the interpolated value by
a quantity greater than the tolerance, then the (n-1)th
sample is stored as well as the total number of samples
between the start and the end points of the line, i.e., the
" number (n-1) is stored. The process is then repeated using

Xn-l as the starting point of the new line segment. The

signal 1is reconstructed by drawing straight lines between

the points {Xi,i}.

A Fortran program is given in Appendix B, which has

been written to implement the algorithm.

3-2-2- First-order Interpolator — Four Degrees of Freedon

To achieve the largest compression ratio, using a
linear 4interpolator, it 1is mnecessary to select a line
segment that is within K percent of as many samples as
possible. This optimum first—order algorithm requires
freedom of both the starting and end points of the straight
line, resulting in four degrees of freedomn.

The performance of this optimum process is shown in
Figure (3-2(a)). It is seen that both the starting and end
points of each line are computed values such that the most
positive error and the most mnegative error Dbetween the
sample value and the interpolated value are equal and
within prescribed tolerance. The computed values of both

ends of the 1line are stored. The next straight 1line 1is
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started from the next sample value after the last stored
point. Also, the end point of the segment can be connected
with a stralght line to the beginning of the following 1line
segment. This method is also known as the min-max straight
line fitting or the equal error line approximation i221}.
Since the f()ur-deglrees-of-;freeciom linear
interpolator is a complex process to implement, it 1is
reasonable to seek less than optimum approximations that
can be mechanized wore easily. Anchoring the starting
point of the line segment to an actual or computed sample
greatly simplifies the solution. Figure (3-2(b)) shows one
solution whereby the starting point of a new line is common
to the end point of the previous line. This algorithm is
referred to as the "Joined 1line segment” first-order
interpolator. This technique was applied to EEG data using
the least-squares error criteria in fitting the straight
1ine (the regression 1line fitting), combined with the
equal-error property. Such an almost—equal—efror is
desirable since it 1implies that our approximation has
almost uniform accuracy along the entire signal [22-23].
Both the parameters which completely define the straight
line p(x) = Mx + B, and the number of data points between
the ends of the 1line, are stored. These parameters are

given by the following equations:
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S t. - S_t S t - S.t
01 10 20 11
M = B = 3-1
" , 5 ( )
898, = 5 5089 = 53
where
)
s, . = (N + 1) , S, = Ix , S = ¥x
0 1 i 2 i (3-2)
tp = Yy » b, TRV

The detail of this criteria is fully explained in Appendix D.
In addition, a Fortran program has been written to describe
how this technique was implemented to operate om EEG data,

and is listed in Appendix B.

3-3- Results and Comparison

Applying the straight line interpolation techniques,
shows that their performance 1is not satisfactory. To
illustrate this conclusion, Table (2) is given, which
contains the results of the techniques as applied to six
different selected epochs. From the table, it 1is apparent
that the compression ratio varies considerably from one
epoch to another for the samebamount of tolerance, which
simply means that the compression ratio 1s mnot constant
along the entire record. Also, it shows that the
compression ratio 1is too dependent on the predefined
tolerance, which is found to be strongly dependent on the
epoch in question. Therefore, it has to take different
values depending on the epoch characteristic. 1In spite of

this dependence, if the tolerance 1is adjusted to change in
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agreement with the epoch characteristic, the compression
ratio would still vary effectively from an epoch to
another. The table also shows that the resultant mean-
square error of the approximation is high, even for a
reasonable compression ratio. Besides, the reconstructed
signal is found to be too distorted from the original
signal.

On the other hand, Karunen-Loeve transform performs
much better than these interpolation techniques, in that,
it results in a constant compression ratio 2.,56:1 which
does not depend on the signal characteristic at all. Also,
the mean-square error of the approximation 1is fairly
acceptable for different epochs (range 1% - 20%Z 4in most
cases ). The reconstructed signal using the KLE, 1is very
close to the original signal in most cases.

It is clear from the above discussion that, given
sufficient a priori knowledge of the signal process, there
is little to be gained’by using these redundancy removal
techniqhes with EEG data. Also, it 1is obvious that the
class of compression methods considered here may or may not

perform well depending on the data.
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Table (2) Results of the straight line interpolation techniques
as applied to six different EEG epochs
epoch Fan Interpolator Four degrees of freedon
No. Two degrees of freedom Interpolator
-3 -3 -3 -3
A=80.0 x 10 A=40.0 x 10 A=80.0 x 10 A=40.0 x 10
D.C'R. MOSOE. D.C.R’ M.S.E. D.C'R. M.S.E. D.C.R. M.S.E
% 7% % %
1 2.03 72 0.81 6.2 3.3 40 1.07 74.6
2 3.12 49.3 1.11 19.1 8.53 55.4 2.56 48
3 18.3 121.6 2.51 33.9 42 .6 62.4 14.2 31.6
4 25.6 132.8 5.56 60.5 42,6 99.8 14.2 55.8
5 1.58 23.8 0.83 6.0 5.33 69 1.94 98.1
6 1.85 40.94 | 0.82 4.5 3.88 90.2 1.94 92.6
S.
D.C.R. = Data Compression ratio m (m N/M)
M.S.E. = Mean-Square error

>
H

Z error tolerance.
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CHAPTER 4

DESIGN OF A TERMINAL CLASSIFIER

4-1 Introduction

Designing a terminal classifier is found to be
necessary in order to detect the abnormalities associated
with epilepsy. Besides, the terminal classifier could be
used as an alternative way of testing how efficient the KLE
‘data compression technique is, in terms of preserving the
essential features in the signal after approximation. In
this chapter we concentrate 1in recognizing the
abnormalities associated with epilepsy of both original and
approximated EEG signal. Therefore, a brief description of
some features of the epileptic EEG is provided below.

The epileptic EEG is described in terms of 3 types
of waveforms - spikes, sharp waves, and slow waves. A
spike is defined as a transient, clearly distinguished from
background activity, with a pointed peak ana duration from
‘1/50 to 1/14 éeconds. A sharp wave is a transient similar
to a spike, but 1is of 1longer duration (1/14 to 1/5
seconds). A slow wave is any wave of duration greater than
1/8 seconds.

For the purpose of recognizing epileptic
abnormalities, the EEG could be adequately described in
terms of ten terminal classes: (a terminal is an epoch of
one second length)

1) Normal activity (predominantly alpha activity). [NORM]

2) Low amplitude activity (< 20uv) [LAMP]



57

3) Fast activity (> 14 HZ, but not including activity
related to abnormalities) [FAST]
4) Low frequency artefact (characterized by large shifts
in the baseline of the recording). [ARTEF ]
5) Slow wave activity of low amplitude (< 50 pv). [SLOLO]
6) Slow wave activity of significant amplitude
(> 50 pv). : [SLOHTI]
7) Spike/Sharp wave of low amplitude (< 75 pv). [SSWLO]

8) Spike/Sharp wave of significant amplitude

(> 75 puv). [SSWHI ]
9) 1Isolated spike activity. [IS0SP]
10) Multiple spike activity. [PLYSP ]

A design of a terminal classifier was part of a
B.Sc. Thesis submitted to the Department of Electrical
Engineering at the University of Manitoba, by R. Thorne.
The same technique has been uéed'here, and some
modifications have been added to design another
classifier. But since Thorne's thesis 1is not published, a
detailed description of the used technique is provided in
Appendix E.

For the purpose of our study, 615 one-second EEG
epochs were obtained from six patients between the ages of
ten and sixteen years, all were suspected of having somne
form of epileptic abnormality. These epochs were used in

their original and approximated forms to evaluate both the
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classification and the data compression efficiencies.

Table (3) gives the number of epochs belonging to each of

the above mentioned classes.

4-2 Terminal Classifier Design Alternatives and Results

4-2-1 Parallel Classification

It is noted from Table (3) that none of the
available 615 one-second epochs, as classified manually,
have been classified as SSWLO (spike/sharp wave of 1low
amplitude). Therefore, the step Q&se discriminant analysis
(SWDA) was adjusted to discriminate only Dbetween the
previously mentioned nine classes. Appendix E contains
more information about the SWDA. A training set of 350 EEG
epochs, each represented by 48 features, formed the entry
data to the SWDA. Only 14 features were selected by the
SWDA as they proved to be the most significant in
discriminating between the nine classes. To test the
classifier performance, a Fortran program has been written
and listed in Appendix B. Figure (4-1) illustrates the
parallel classification approach, and Table (4) displays
the results of tﬂis classification technique.

The success rate of this classifier in recognizing
epileptic abnormalities was 95.3%, and the false detection
rate was 43.2%Z (considering the abnormalities as every

activity except those of normal and artefactual type). Due
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Table (3) Number of epochs as classified manually

Class No. of epochs
NORM 112
LAMP 20
FAST 89
ARTETF 43
SLOLO 111
SLOHI 83
SSWLO 0
SSWHI 120
IS0SP 17
PLYSP 20
TOTAL 615




- NORM

ARTEF

/////// LAMP

i FAST

SLOLO

EEG
epochs
SLOHI

SSWHI

ISOSP

. PLYSP

Fig.(4-1) Tree diagram of the parallel classifier.

60



Table 4:

61

Jackknifed Classification performance of the decision

functions generated by using SWDA, in case of parallel

classification.

Correct Correct
Original Classification Approximated Classification
in (%) in (%)

NORM 47.3 20.5
ARTIF 79.1 83.7
LAMP 90 95

FAST. 91 32.6
SLOLO 55.5 34.5
SLOHI 38.6 73.5
SSWHI 80.8 27.5
ISOSP 70.6 5.9
PLYSP 45 15
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to this high false detection rate, it is required to seek

other classifiers.

4-2-2 Sequential Classification

As the name indicates, this technique consists of a
sequence of steps. At each step an epoch is classified
into a subset of classes. At the end of the sequence, each
epoch will be classified into one distinct class out of the
nine classes previously mentioned.

Four different methods have been implemented using
this technique, each one differing slightly from the other.
A description of these methods 1is given below with their
performance in classifying epileptic abnormalities.

The first method consists of four steps; in the
first step, normal activity epochs are separated from all
other epochs. Then, the second step separates the
artefactual epochs from the remaining epochs. The rest of
the epochs are then classified into seven abnormal classes
in two steps. Figure (4-2(a)) illustrates these steps by
means of a tree diagram, and Table (5) displays the
results.

The only difference between the first and the second
method is that the abnormalities are classified into the
seven classes 1In one step only. Figure (4-2(b))
illustrates this method via a tree diagram, and Table (6)

contains the results.
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For these previously described methods, the success
rate 1in recognizing EEG abnormalities was 76.2% and the
false detection rate was 21.3%.

The third and fourth methods are based on the same
idea of the first and the second methods, respectively,
with the exception that in their first step the epochs are
separated into three classes, 1i.e., normal, artefact and
abnormal activities. The tree diagrams for these methods
is shown in Figure (4-3), and Tables (7) and (8) are given
to illustrate their performance in classifying EEG data.
The success rate in recognizing the abnormalities wusing
these methods was 81.1%, and the false detection rate was
24 .5%.

From the classification results obtained, several
deficiencies in the terminal classifier performance were
noted. 0Of these, the most serious was the classifier's
inability to detect very short duration spikes, especially
after approximation. The probable cause of this deficiency
is that the chosen feature set does not accurately
represeﬁt the spikes. A second problem encountered was the
excessive detection of low amplitude slow waves, which are
seldom of clinical significance. This problem likely arose
due to deficiencies in the training set.

It {is also observed that, in general, the correct

classification drops significantly 1in cases of fast, spike
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epochs

EEG
epochs

ARTEF
LAMP
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(a) Method [1]
NORM
ARTEF
/\ LAMP
FAST
SLOLO
SLOHI
SSWHI
1s0osp
PLYSP

(b) Method [2]

Fig.(4-2) Tree diagram of the sequential classifier
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NORM
ARTEF
EEG
LAMP
epochs FAST
FAST SSKHI
SOSP
PLYSP

SLOW K:——~—~—-&ow
‘oo SLOHI
(a) Method [3]

NORM :
————— LAMP
EEG \\\L ARTEF

epochs FAST

SSWHI

'SLOLO

i

SLOHI

IS0SP

PLYSP

(b) Method [4]

Fig.(4-3) Tree diagram of the sequential classifier.
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Table 5: Jackknifed Classification performance of the decision
functions generated by using SWDA, in case of method

1, sequential classification

I Correct Correct
Original Classification Approximated Classification
in (%) in (%)

NORM 75.9 51.8
ARTIF 86.05 86.05
LAMP 85 75
FAST 60.7 5.6
SLOLO 39.6 47 .8
SLOHI 34.9 | 37.4
SSWHI 40 34.2
IS0SP 29.4 5.9
PLYSP 35 5
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Table 6: Jackknifed Classification performance of the decision
functions generated by using SWDA, in case of method

2, sequential classification

Correct Correct
Original Classification Approximated Classification
in (%) in (%)
NORM 75.9 51.8
ARTIF 86 .05 86.05
LAMP 85 75
FAST 84.3 12.4
SLOLO 42 .3 36
SLOHI 34.9 26.5
SSWHI 24.2 16.7
ISOSP 47 .1 5.9
PLYSP 17.7 0.0
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Table 7: Jackknifed Classification performance of the decision
functions generated by using SWDA, in case of method

3, sequential classification

Correct Correct
Original Classification Approximated Classification

in (%) in (%)
NORM 71.4 48 .2
ARTIF 86 95.4
LAMP 95 85
FAST 62.9 7.9
SLOLO 46 61.3
SLOHI 34.9 37 .4
SSWHI 34.2 20
ISOSP 29.4 0.0
PLYSP 40 5
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Table 8: Jackknifed Classification performance of the decision
functions generated by using SWDA, in case of method

4, sequential classification

Correct Correct
Original Classification Approximated Classification

in (%) in (%)
NORM 71,4 48.2
ARTIF 86 95.4
LAMP 95 85
FAST 86.5 16.9
SLOLO 48,7 48.7
SLOHI 34.9 | 26.5
SSWHI 20.8 11,7
ISOSP 58.8 5.9
PLYSP 20.0 0.0
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and spike/sharp wave activities after approximation. This
is because the approximated signal suffers severely from
losses of its high frequency components. Also, it is noted
that mean-square error of the approximation does not have,
nearly, any effect on the classification performance of the

classifier in classifying the approximated signal.

4-3- Random Coefficients of KLT As a Feature Set

Our major concern, here, is to examine the
application of Karhunen-Loeve expansion Transform (KLT) as
a pattern recognition technique. Since KLT 1is a 1linear
feature extraction operator, its random coeffients were
qsed as a feature set to represent the EEG data.

The training set, supplied to the SWDA, consisted of
315 one-second EEG epochs represented by their 48 random
coefficients (projections) as a feature set. The third
method, discussed in the previous section, was used as the
classification technique wusing this feature set. The
results obtained wusing this feature set were not
encouraging, even wifh readjusting of the SWDA parameters.
This implies that the feature set suggested by R. Thorne
was better in representing the EEG signal. However, the
KLT coefficients could be used successfully to represent
the EEG signal, if some modifications are introduced in the

SWDA control parameters. Also, it is noted that the choice
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of the training set epochs 1is critical and has great
influence on the results. Therefore, attention must be
paid in selecting the elements of the training set.

Figure (4-4) shows the results of this method as applied to

EEG.
NORM  48%
EEG epochs ARTIF 43%

APNORM 53.57%

Fig. (4-4) KLE Random Coefficients as a feature set with
method (3) of the sequential classifier. The percentage of

the correct classification is written beside each class.
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CHAPTER 5

CONCLUSIONS

The overall goal of this thesis was the study of the
effectiveness of various data compression techniques in
reducing the storage requirements of the EEG recording. Of
the techniques considered, the KXarhunen-Loéve traansform
proved to be superior to the others. A data compression
ratio of 2.536:1 is feasible, using the KLT technique, for a
mean-square error less than 15%. It was found that 17% of
the epochs were approximated with a mean-square error
(M.S.E.) greater than 15%. Most of. these were of 1low
amplitude nature, consequently the absolute error was of
the same order of magnitude as the signal which resulted in
a high M.S.E. In spite of this, the approximated epochs
agreed qualitatively with the original data, in most of
these cases.

The straight 1line interpolation techniques were
investigated for the EEG. They proved to be of less
significance as compared to the XLT for three reasons.
First, the mean-square error of the approximation was
fairly high. Second, even with low mean-square error, the
approximated signal appeared to have a distorted waveform
as compared with the original data. Third, the data
compression ratio was not uniform over the whole signal,

i.e., it varies considerably from one epoch to another. In
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spite of this, the straight line techniques were able to
approximate the 1isolated spilke epochs, better than the
KLT.

An alternative approach to measure the effectiveness
of the KLT, was to compare the original and approximated
epochs from a pattern recognition point of view. This was
done by using different forms of a terminal classifier to
classify both the original and the approximated epochs.
From the obtained results, it is noted that the classifier
failed to detect the spikes in most of the original epochs
(only 37 epochs were available). Also, it is noted that
the correct classification drops significantly in cases of
fast, spike and spike/sharp wave activities. This
indicated that the approximation, wusing KLE, causes high
frequency information losses. However, misclassification,
in many cases, Qas due to deficiencies in the terminal
classifier 1itself. The <choice of the training set
elements, which 1is used to obtain the decision functions,
had a great influence on the classifier performance. Also,
the improper definition of some EEG classes, e.g. slow and
fast, was another reason for the classifier deficiencies.
Therefore, a critical and careful choice of the training
set elements is required to improve the classifier
performance. Besides, a better definition of a new set of
classes, suitably describing the EEG activities, may, as

well, improve the classifier performance.
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APPENDIX - A -

Karhunen-Loéve Expansion of Continuous EEG Signal

i) EEG Signal Model

Several methods attempt to describe the spectral
properties of the EEG, e.g. by calculating the signal power
for narrow frequency bands, or expressed more precisely by
estimating the spectral power density. Very few and mnild
assumptions need to be made about the process in order to
make these methods applicable, but in return the accuracy in
estimated spectral density tends to be fairly low. It is
characteristic of these methods that the spectral density
will be approximated by a rational function of low order and
actually this is the essential assumption being made about
the model.

The idea with one of the methods, called spectral
parameter analysis, is to partition the EEG spectrum into
one, two or more spectral components such that each
contributes to one peak in the total spectrum. Such a
component will be characterised By a few parameters,
essentially the location of the spectral peak, the width, of
the peak and the contribution it gives to the total power.

A model, which describes the spectral properties
directly and in terms that come close to the usual clinical
practice using the spectral EEG parameters, is based on a

partition of the spectral density 1into three spectral
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components called delta, alpha and beta components and

denoted Sé(f), Sa(f) and SB(f). In a typical case the total

spectral density may be written as a sum of these components

S(f) = Sé(f) + Sa(f) + SB(f) (A-1)

This 1s shown 1in Figure (A-1), where two parameters
describe each component, specifically, the resonance
frequency and the bandwidth. Apart from the frequency

parameters, information about the power parameters G@’ G , G

a B
is also given in the representation. They indicate how much
power each cbmponent represents. In the Figure, G
corresponds to the surface wunder each curve. Furthermore,

the power parameters Ha and HB are defined and they measure

the skewness of each spectral component around resonance

frequency.

We call Sé(f) a low~frequency component while the

other components are called rhythmic. These names have been
chosen to indicate the close relationship between these and
the activities 1in terms of which an EEG recording is
commonly desqribed. The delta activity 1is defined to be the
power below 3.5 HZ, alpha activity between 7.5 and 12.5 HZ
and beta activity above 12.5 HZ. However, the difference

between activity and spectral component should be observed.
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Fig. (A-1) Spectral components of the EEG signal.
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Whereas, for example, the alpha activity is confined to the
frequency range 7-7-12.5 HZ, the alpha component will have a
spectral peak and contain most of the power in the same
range, but will give a certain contribution to the power for
all frequencies of interest. Hence, the partition of power
between spectral activity ‘and spectral components 1is
different.
Exact expressions of the spectral components are

needed, for the § componeht the following holds true

G.o .
__._2_§__6_.__. (A-2)

2
+ f

al~

S(f) =
98
and for the rhythmic components

2 2 2
+
Ai(fi oi) + Bif

(A-3)

al-

S.(f) =

i 2 2 2 2 2
+ - +

(fi o, £f ) (2fci)

where 1 can take any notation « or B. The quantities Ai and

Bi may be expressed in the spectral parameters as follows:

Ay = 9y O TRy (A-4)

B, = G, + H
i op 6y TR
Eqns. 3 and 4 may appear rather complicated but hopefully:

the interrelation ©between the parameters and their
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interpretation appear more lucid when expressions are given
for the autocorrelation functions that correspond to eqns.
(A-2) and (A-3):

Ré(r) = G<S exp (-2m 06|1|) (A-5)

Ri(r) (Gicos 2% fim - Hisin 2nfi|1|)exp (-anilrl) (A-6)

The autocorrelation for the entire signal may in the typical

case be written as the following sum:

R(t) = R_(z) + R (1) + R _(7) (A-7)
) a B

Hence, the model implies that the autocorrelation function
is described as a sum of damped sinusoids.

The following table (A-1) gives a typical list of

these spectral parameters.

Component Bandwidth Resonance Frequency
: 0 - 10 HZ £f 0 HZ
6 66 5
o o : 0 - 10 HZ f ¢+ 4 - 14 HZ
a a
B GB: 0 - 20 HzZ f6: 8 - 28 HZ

There 1is also a fundamental 1limit imposed by the following
inequality

|Hi/Gi| < o /f (A-8)

which corresponds to the physical requirement that the

spectral density for each component can not be negative.
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ii) Karhunen-Loéve expansion of Random Processes

To represent any random process with finite energy in
terms of a series expansion, we start off by choosing an

arbitrary complete orthonormal set: ¢1(t), ¢2(t), s hees

To expand x(t) we write

N
x(t) = L.i.m v ox, ¢,(t), 0<t«T (A-9)
N 1 1
N » i=1
where
T
x; = [T x(t) ¢, (t) dt (A-10)

(o)

and the limit converges in the mean—square sense, which 1is

defined as

2

X, ¢i(t)) ] = o, 0<t<T (A-11)

M =

Lim B [(x_ -

i=1

N » =
The set ¢i(t) has to be chosen such that, the coefficients
Xy are uncorrelated, i.e.,
if E[xi] = m (A-12)

we would 1like

Ef(x, - m )x, -m)]=1\5_, (A-13)
i i J J i 1]
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For simplicity we assume that m, = 0 for all i substituting

(A-10) into (A-13) and bringing the expectation inside the

integral, we obtain

Ay 8 . = E[xixj]

L s e[ k() ¢, (£)dt ng(u) o, (u)du]

o}

T

/

T
¢, (£)de f R (t-u) ¢j(u)du
0 o
For all i and j (A-14)
In order that (A-14) may hold for all choices of i and a

particular j, it 1is necessary and sufficient that the inner

integral equal Xi¢i(t) or

npog(0) = iT R (t = w) ¢;(u)du, 0<e<T (A-15)

The functions ¢i(t) are called eigenfunctions and the

numbers A, are called eigenvalues. Several observations are
i

worthwhile

2
1)- the value Xy has a simple physical interpretation. It

corresponds to the energy along the coordinate function

2
¢i(t). Similarly, E[Xi] = Ki corresponds to the

expected value of energy along ¢i(t).

2)~- if Rx(t—u) is positive definite, the eigenfunctions form

a complete orthonormal set, and vice-versa.
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3)- if Rx(t-u) is positive definite, every ki is greater

than zero.

4)y- if ¢1(t) and ¢2(t) are eigenfunctions associated with

the same eigenvalue A, then a1¢1(t) + a2¢2(t) is also

eigenfunction associated with .

5)- the eigenfunctions corresponding to different
eigenvalues are orthogonal, and there 1s at most a
countably infinite set of eigenvalues and all are

bounded.

ii1 - Karhunen-Loéve Expansion of EEG signal

EEG signal is assumed to be a stationary random signal

in the interval of interest and have a spectra that can be

2
written as a ratio of two polynomials in w .

S(w) Sé(w) + Sa(w) + S (w)

P
2

- M) (A-16)
D(w )

taking only the delta, alpha and beta components into
account. Where N(wz) is a polynomial of order q = 4 in w2

and D(wz) is a polynomial of order p = 5 in w2. There are
two different approaches to solve the problem [29]. The
first 1s to convert the integral equation (A-15) to a

differential equation whose solution can be found. The

solution is then substituted back into the integral equation



87

to satisfy the boundary conditions. This method lead to a
differential equation of the 10th order which 1s very

tedious to solve.

Knowing that the differential equation does not depend
explicitly on T. This independence 1s true whenever the
signal has a rational spectrum. Therefore the second method

to solve for the eigenfunctions 1is to start with the

integral equation

A oeCt) = [0 R _(t - u) ¢Cu)du, ~wlt <t (A-17)

By use of Fourier transforms a formal solution to this

equation follows immediately:

2
. N .
v oGy = s a(w) = XL acgw)
D(w )
or (A-18)
2 2
[A D(w ) = N(w )] @(jw) =0
There are 2P = 10 homogeneous solutions to the differential

equation corresponding to [A-18] for every value of A

(corresponding to the roots of the polynomial 1in the

bracket). We denote them as ¢hi(t,x), i 1, ...., 2P = 10.

To find the solution, we substitute

1 :
o(t) =2 a ¢hi(t,?») (A-19)

into the integral equation and solve for those values of A

and ai that lead to a solution. In fact, there is no
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conceptual difficulties, but the procedure is tedious. This
was the major reason which directed us to seek a solution
using the real data in its discrete form.

Tt is intended here to shed some light on what form
these solutions may take, which will be done by
investigating the solution for any individual components,
i.e., considering the EEG signal consists of only one
component.

For any rhythmic component, Eqn. (A-18) could be
rewritten as

w = bw + ¢ =20 (A-20)
where the values of b and c¢ depends upon the spectral
parameters.

The roots of equation (A-20) are

2
2 b * b - 4¢
2

(A-21)

2
b = b - 4c
2

we have 3 different possibilities according to the value of

the eligenvalue M\ in terms of the spectral parameters

o, 6, = f, H
(a) A = = > c = Zero
2 2
+
n(fi c.)
2 b tbh
o W= 2 = Zero, b
o wl,2 = Zero , w3,4 =+ ¢y b
Vbt -/bt '

o O(t) = a; + a, e + aje (A-22)
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(b) A < — L i Lc<o

2
therefore we have one positive root for w and another
negative root, which is given by equation (A-21), this 1leads

to the following solution

Wt -w,t jw,t -jw,t
¢(t) = a; e + a, e + aq e + a, e (A-23)
5 // 7
v, = b+ /b - 4c ./ b= /b - 4
1 2 2 2
o, G, - £, H
() r>22I 22 se>o0

in this case we have three possibilities

2
i) b > 4c
2
Therefore the two roots for w are real positive,

which leads to the solution

o(t) = a, e +oa, e +oa, e +a, e (A-24)

’ 2
ii) b < 4c

Therefore equation (A-21) could be rewritten as

follows

2

2 p //4c - b
vo- 2
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1L/4 +je/2
C e

, 8 = tan L—S— 2

2
-1 //;c - b
b
174 3 2
c e je/

and ¢(t) will be composed of damped sinusoids components.

2
1ii) 4c = b

& w =t /b/2

wlt Wyt
&S (t) = (a1 + azt) e + (a3 + a4t)e (A-25)

Fig. (A-2) illustrates all these possibilities.

To get the values of A and a's that 1lead to a
solution, substitute ¢(t) into the integral equation and
apply the boundary conditions.

For the & component, the solution takes the form of
sinusoids.[29]

So, we can imagine that the solution could take the
form of sinusoids, damped sinusoids, exponentials,
hyperpolic functions, damped linear function or a sum of
these mentioned solutions such that the solution is a stable
one and satisfies the boundary conditions. This agrees to
some extent with the solutions we obtained through using the

discrete real data, which are shown in the Chapter two

Figures.
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wl’2 = Zero
w =+ 4/ b w ==+ b/2
3,4 |/
|
|
w = % w1 | .
1/ s
w = tjwz w o= iw1 lw = £ ¢C eJe/2
1/4 3
w =t w ‘w = + C eJe/2
2 I
| |
|
| {
| |
| L.
c =b /4
|
| 2 2
[c < b /4 e > b /4
1 | 11 ' 111
!
c €0 c =0

c>0
Figure (A-2) The different solution possibilities for the

rhythmic component.



APPENDIX-B-

Computer Programs

1)- Program for solving the eigenvalue,eigenvector problem.

$J08 WATFlV

C
C
C
c

OOANOONOOO NOAN OANOD OANO AND AND 0NN NOan

onnn

PROGRAM TO SOLVE THE EIGENVALUEJWEIGENVECTUOR PROBLEM

OF AN EEG OUTOCORRELATION MATRIX RE128X128)sFIRST

THE OUTOCORRELATION RATRIX HAS YO BE COMPUTED FOR

1 SE£Ce EEG EPQOCHe -
IMPLICIT REAL®8 (A~H,0-2)
INTEGER JoCHANIUNIT eKoeNsM
RIAL®8 EEG(4+128) P
REAL®#B MEAN(4) s VARI
REAL®8 ACF114,10)sA0]128v1
REAL®E ACF2(4,128) ¢b5UR(s)

READ THE KAw EEG DATASCALE ITe, AND SEPARATE 1T INTO 2 EPDCHS -
(THE TRAINING SET EPOCH AND ThHr PRECCED INo EPDCH) AND 4 CHANNELS

am
ALl
(1]
-
»
-

(1238, 128)E16ENL128)
PDS(a,61)

CALL SCALSP(EEGIPEEG)

SCALE THE RPAW EEG DATAes CALCULATE THE MEAN AND VARIANCE.s
AND SUBTRACT THE MEAN FRUM THE LATA

CALL MEANVR(EEG'WEEG'MEANVAR)

CALCULATION OF THE AUTOCORRELATION COEFFICIENTS (THE FIRST 10)
CALL AUTCD%(HEEG-ACF.ACFl)

CALCULATION OF THE 310TH DRODER AULTOREGRESSIVE MODDEL
CALL AUTREG(ACF+VARs AR¢6SGR)

CALCULATIDN OF TH: PDVER DENSITY SPELTIUM USING THE
AUTOREGRESSIVE MODEL

CALL SPCODEN{ARGSQRIPDS)

CALCULATION OF THE 128 OUTOCORRELATION COEFFICIENTS BY
TAKING THE INVERS:E FOURJEZR TRANSFORM OF THE POWER DENSITY
SPECTRUN

CALL AUTCF(PDSy»ACF2)

FORM A SYMMETRIC OUTOCORRELATION MATRIX FILLING
ONLY THE UPPER HALF USING THE 128 COEFFICIENTS

CALL STORAG(ACF2.A)

DEFINING THE PARAMETERS REQULIRED FOR SOLVYING THE
EIGENVALUL+EITGENVECTOR PROBLENM

N=THE MARTIX RAw DIMINSION=THE COLUMN DIMENSION
ITMAX=THE MAXIMUM NUMBER OF ITERATJDNS

EPSI+EPS52 ARE TOLERANCES CONTROLLING THE SOLUTION METHOD
EPS3= TOLERANCE DETERNINING THE TERMoNATION

OF THE ITERATIONS

N=128

ITMAX=50

EPS1=1400E~-10

EPS52=1400E~-10

EPS3=100E~5

CALL SALAMIASNI ITMAX+EPSEEPS2¢EPS3eTWEIGEN)

STORING THE EJGENVECTORS IN DATA SEY NJe 15 IF IT
IS NEEDED




DO S u=1.128
WRITE (15.8) (T4

1esd)al=1,N)
FORMAY (7Xe6F§1e7)

4
5 CONTINUE
sTOP
END
C
C SUBROUTINL SCALSP
C SUBROUTINE FOR SCALING THE EEGs AND SZPARATING IT INTO
C 2 EPDCHS ANC 4 CHANNELS
C RAWDAY - FAW EEG FROM THEZ AL CONVERTEPRS
C SEEG - EEG DATA FUR THE TRAINING SET
C SPEEG - EE6 DATA FUR THE PRECEECING EFOCH

SUBROUTINE SCALSP(SEEGsSPEEG)
IRPLICIT REAL®*E (A-H,0~2)
REAL®E SEEG(44+128)+5PEEG(4,128)
INTEGER RAWDAT(1024) slsJsCHAN
READ(Ye10) (RAWDAT(1)ol=1,1024)
1o FORMATLI614)
J=1
DO 30 I=1.128
DO 20 CHAN=].4
SPEEG(CHAN-X)=(RAUDAT(Jl-20§7.50/2007.5

J=J+]
20 CONT INVE
30 CONT INUE

J=513
DD 50 j=1.128
DU 40 CHAN=].4
SEEG(CHAN-Il=(RAIDATlJD-2007-5)/20‘7-5

J=Jd+ ]
40 CONTINUE
50 CONTINUE
RETURN

END

SUBROUTINE MEANVR

SUBROUTINE FDR CALCULATING THE MEAN AND VARIANCE OF THE EEG6
FROM A SINGLE EPDCH

THE E£EG ODATA ARE ALSD SCALEL ANL THE MZIAN SUBTRACTED DUT
SMEAN = ML AN UF THE EEG

SVAR -~ VARIANCE DF THE EEG

SEEG - ZERO-MEAN cEG DATA

SUBROUTINE MEANVRISEEGISWEEGSMEAN, SYAR)
IMPLICIT REAL®8 (A-H,0-2)
INTEGER ] ,CHAN
REAL®S SEEG(#»128loShEEG(Q.lZﬁ)vSNEAN(&).SVAR(Q)'HAM
DO 5 CHAN=], 8
SMEAN(CHAN) =0
5 CONTINUE
D0 20 I=1,128
DO 10 CHAN=1,q
SMEANCCHANIZSME AN(CHAN I +SEE G CHAN I )
[0} CONTINUE
(o] CONTINUE

(alalaXalYalaYaYals]

SUSTRACTION DOF THE MIAN AND HAMMING WINDOWING OF THE EEG DATA

[a¥aXal ‘X

DO 40 CHAN={,4
SHEANCCHANI=SMEANC CHAND /128
SVAR(CHAN)=0.0
DO 30 I=1,128

SEEG(CHANGII=SEEGICHANI ) ~5ME AN(CHAN)



[aXaXal

[a¥21al

o]

O N

C
C

30

HAM= e 54~ 46#COS(2%3. 14157#(1~10/7127)
SWEEG(CHANs I )=SEEGI CHANs I 18 HAM
SVAR(CHANI=SVAR(CHANI+SWEEGI(CHAN, 1 J#22
CONTINUE
CONT I NUE
RETURN
END

SUBROUTINE AUTCOR

SUBRIUTINE FOR CALCULATING THE AUTDCGRRELATION COEFFICIENTS
R(1) THROUGH R(10) FOR THE EEG DATA.

THE CALCULATION 1S PERFURMEL USING KENDALL'S METHUD

“ACF - AUTOCORRELATION COEFFICIENT VECTOR

SUBROUTINE AUTCOR(SEEGeSACF5ACF L)
IMPLICIT REAL®8 (A-H.0-2)

INTEGER loJeKsMsYsZs CHANJEVOD

REAL®B SEEGIGe 128)+SACF(4,10):SACFLIL44+10)
REAL®6 A(128)s.B(128])

DO 90 CHAN=] 14

CALCULATION DF THML VALUES OF A(K} ANL BIX)

Bt128
B(1273=0
EVOD=0
DD 20 1=1+126
K=127-1
IF (EVOL «EGe 0) ©0TOD 10

CALCULATION OF THE CDEFFICIENTS FOR 00D K

A(K)I=AIK+]1)
B(KD=B(KOZIOSEEG(CHANvKOll’SEEG(CHAN-KGZ)
Ev0D=0

6070 20

CONTINUE

CALCULATION DF THE COEFFICIENTS FOR EVEN K

A(Kb=A(K02l¢SEEG(CHAN.IZT-KIDSEEG(CHANolZB—K)
B(K)=B(K¢2|OSEEG(CHAN.KOI)'SEEG(CHAN.KQZ)
EVOD=1

CONT INUE

EVOD=1

D0 60 K=14+10
SACFICHANX =0
IF CEVOD «EQe 0) GOTO 40

CALCULATION FOR 000 K

¥=(128-K-1)72
DO 30 I=1.Y
M=]1-1
Z=2%M+ ]
SACF(CHAN:K’=SACF(CHAN.KDGGSEEQCCHANoZ)#SEEG(CHAN-Z#K#!)
- 1 # (SEEGICHAN,Z+11+SEEGICHANCZ+K))
CONTINUE
SACF(CHAN-K)=SACF(CHAN.KI-A((l-BtKlosEEG(CHAN.lza-KlG
L4 SEEGE(CHANS128)
EVOD=0
6070 60



c .
C CALCULATIUON FOR EVEN K
c 14

40 CONTINUE
Y=(128-Kb/2
D0 50 Isi,.Y
M=]-1
Ze28Me )
SACF(CHAN-KD:SACF(CHAN.KDOCSEEGCCHAN-Z)OSEEG(CHAN.Zvali
- l'(SiEG(CHAN-ZGl)OSEEG(CHAN,Z+K))
50 CONT INUE
SACF|CHANvKDtsACF(CHAN.K)-A(<D-EIK)
EVOD=1
gO CONTINUE
C CALCULATION OF ACF HAS BEEN CUMPLETED
C

'C CALCULATION OF THE ACF USING THE PREVIOUS METHOD
DO 80 k=1,10
SACF1(CHANIK)=O
2Z=128-K .
DO 70 u=1.2Z
S:?Fl(CHAN.KD=$ACFI(CHAN-K’OSEEG(CHAN-JI'SEEG(CHAN-J
*

-

70 CONT INUE
80 CONTINUE
90 CONTINUE

RETURN

END
Cc .
C SUBROUTINE AUTREG
C SUBROUTINE FOk CALCULATING THE 10TH ORDER AUTOREGRESSIVE MODEL
C COEFFICIENTS FOR The 1 SECUND EEG EPOCHS
C THE CALCULATION IS MADE USING ThE LEVINSON-QURBIN PROCEEDUPRE
C SAR - AUTUREGRESS]VE COEFFICIENT VECTOR
g S650QR - SQUARED MAGNITUDE OF THE GAIN &

SUBROUT INE AUTREG(SACF.SVAR.SAR-SGSOR)
IMPLICIY REAL®S {A~H+0-2)
INTEGER TsJeKoCHANIM
REAL®g KlllO)-Al(lO-lOloEl(lOD
REAL®g SACFI‘vIOloSVAR(ODgSAR(‘-IODnSGSOR(QO
DO 60 CHAN=1,4q
(§ =‘SACFICNAN.lDISVARICHAN)
{ =K1
[ 4

[

PP ot v ad K s | o ag

1
1
1
o]

OMm» X

€1
P18 CE)INSVARICHANY
10

p P JAY O
=D O mQews w
-
L ]
Qe x
il =

L
l(l)fAl(J'l—l)'SACF(CHANvl-J’
CFlCHANoI)le(lll/Elll-ll
1)

oM
3=Alldyl'l)’Kl(liﬂkl‘l-Jol-l'

10

1 C=C
- M |

A

Lk 4

’
K
) i
1

O»xn ©

=]
-_-Qe e Ot W Y e

-~ -2

[N
=X

20 CONT INU
Elll}=(l—Kl(l)0Klll))'El(l-ll
30 CONTINUE
DO 40 u=1,10
SARICHAN s JIZAT €Ue 10}
40 CONT INUE

-C
C CALCULATION OF TH:Z GAIN 6 FOR THE AR MDDEL



SGSQR {CHAN)=SVAR( CHAN)
DD 50 K=1+10
SGSOR(CHAN)=SGSOR(CHAN)+SAR(CHAN.KD'SACF(CHAN'K’
50 CONTINUVE . ’

60 CONT I NUE
RETURN
END
C
C SUBROUTINE SPCDEN
C SUBROUTINE FUR CALCULATING THe& POVER DENSITY SPICTRUM
C ESTIMATE FOR THE 3 SECUND EEG EPDCHS
C THE SPECTRUM 1S CALCULATED FOR FRZIQUENCIES FROW F=0 HZ TO 30 HZ
C IN STcP DF o5 HZ USING THc AUTORELRESSIVE SPECTRAL ESTIMATOR
g 5PDS = POwWER DENSITY SPECTRULHM ESTIMATE

SUBROUT INE SPCDENISARSG6SGRYSPDS)
IMPLICIT REAL®B (A-H.0-2)
INTEGLR 1eJsCHAN
REAL®B WoF s RMAGY IMAG
REAL®SB SAR(QvlO’-SGSQR(Q)oSPDS(Q-6ll
W=2903.141597128
DD 30 CHAN=1.4
F=0a0
DO 20 J=1.61
RMAG=1
IMAG=D
D0 10 I=1,10 )
AMAG=RMAG+SARICHAN. 11 ®LCOStus]®F)
INAG= IMAG+SARICHAN1I®DSINIWRISF)

10 CONTINUE
SPDS‘CHANIJ)=SGSQR(CHAN./(QMKG'RNAG*!“AG'!MAG)
FzF+e5
20 CONTINUE
30 CONTINUE
RETURN
END
C
€ SUBROUTINE ADTCF 7O CALCULATE THE ACF«FROM THE PS5D
C USING INVERSE FDURIER TRANSFORM
C

SUBROUT INE ADTCFEIPDSACF2)

IMPLICIT REAL®B (A-H.0-2)

REAL®SB ACFZ(O.lZB).PDS(G'6l)-ACFlll‘-lZB)
CHAN=] ’

NF=127

DELTA=1e0

DO 20 1=1.148

C=C0S(3« 1815 11/NF)
AFO=0e0
AF1=0.0 ’
DD 10 K=2,+61
KK=63~K
AF2=20C*AF1~-AFO+PLS(CHAN+KK)
AFO=AF1
AF 1=AF 2
10 CONTINUE
ACFL14CHANs T I=280ELTAS(PLSICHANS 1
ACF2(CHANs 1 #SACFL 1(CHANS I}/ ACF AL
20 CONTINUE
WRITE (6s4) (ACF2ICHANs1)sl1=1s128}
. FORMAT (B(F12e6¢1X))
RETURN

J¢2%(AF 1 #C~AFO))
CHANs 1
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END

SUBROUTINE STODRAG

THIS SUBROUTINE IS FORMING A SYMMETKIC AUTOCORRELATION
MATRIX FILLING ONLY JTS UPPER HALF USING IN THAT THE
128 COEFFICIENTS

SUBROUT INE STORAGIACF24A)
IMPLICIT REAL®#8 (A-H,0-2)
REAL®S8 ACF2(4,128)4sA(12E+126)
INTEGER CHANSI oKoJsN
CHAN=1
DO 10 I=1,128
DO 15 J=14128
AllsJ)=0e0
CONTINUVE
CONT INUE
DD 30 I=l.1z28
D0 20 u=l,128
Ked=1+¢1
ALToJ)=ACFRICHANIK DN
CONT INUE
CONTINUE
RETURN
END

SUBRUUT INE SALAM

TD COMPUTE THE EIGENVALUES ANLD THE E£IGENVECTURS OF

A SYMMETRIC OUTOCORRELATION MATRIX BY JACOBI'S METHODe

ONLY THE UPPER TRIANGULAR PART OF THE MATRIX 15 USED.

T 15 AN NXN ORTHOGONAL MATRIX,BEING THZ PRODUCT OF THE
SEQUENCE DF TRANSFORMATION MATRECIES USED TO ANNIHILATE
SUCCESSIVELY THE OFF-DIAGJINAL ELEMENTS DOF A ,ANO
CONSEQUENTLY TO RSDUCE A TITERATIVELY TO NEAR-DIAGONAL

FORM, SIGMAL AND SIGMA2 ARE THE VALUES OF SIGNAL A(i,1)es2
BEFORE ANL AFTER ONE COMPLETE ITERATIONe SINCE ANNIHILTION
OF AN ELEMENT MAY CAUSE ANOTHER ALREALY=ANNIHILATED ELEMENT
TD ASSUME A NON=-ZZRO VALUE+THE IToRATIVE PROCESS 1S REPEATED
UNTIL THE CONVERGENCE TEST 1S PASSED(1~5IGMAL/SIGMA2) LESS
THAN (EPS3) OR ITMAX 1S EXCEECELs EPS] IS COMPARED wlTH
1e10-ACJyJ)) TO DETERMINE THi METRUDE OF COMUTING THE

INE ANC SINE OF THE ROUTATION ANGLE. WHEN A HAS BZEN REDUCED
DIAGONAL FORM, THE EIGENVALULS WilLL BE FOUND IN ThE

GONAL AND ARE SAVED IN EIGEN(I) ARRAYs THE ASSOCIATED
ENVECTORS ARE IN CORRESPONUING CULUMNS OF THE F INAL
NSFORMATION MATRIX Te

SUBROUTINE SALAMIASN. ITMAX+EPSLIsEPSZIEPS3sT+EIGEND
IHPLICIT REAL®B (A=H,0-2)
DIMENSION A€128,128)oT(1268+128)9AIK(128)+EIGEN(128)

SET UP INITIAL MATRIX T,COMPUTE SIGMAL AND S

DO & I=1N

DO 2 u=1eN

TJC1eJI=0.0

CONTINUE
CONTI NUE
NM =N~ ]
WRITE (662000 N2 ITHMAXEPSI+EPSR2.EPS3
SIGMAL= 0.0
OFFOSU= 0Oe0
DO S I=1sN

SIGMA I=SIGMAL*A(l sI}ee2



TElel)=]1e0
IPI=l+}
IF (leGEeN} 6D TO 6
DO 7 J=IP1WN
OF FDSQ=0FFDSQ+A(]+J)882

7 CONTINUE
5 CONTINUE
6 52+ 08DFFDSU+SI6MAL
[«
C 3E6IN JACUOBI ITERATION
C
DO 26 ITER =1, ITHAX
DD 20 I=1+NM1

IPi=]+]}

DD 22 J=1Pl N
c Q=DABSI{ALIs 1 1-ALJ eI
g COMPUTE SINE AND COSINE DOF ROTATION ANGLE .o

IF (G o.Ee EPS1) 60 TO 9
IF CDABSCA(I+J)) elLEeEPSZ) 60 TOD 22
P =2.00ACI+JISQ/C(ACLs 1I=ACLsS))
SPW =DSURT(PeP+0*Q)
CSA =D5JRTLI1.0+0/SPU)/240)
SNA =P/(2+0% CSA®SPU)
60 TO 10
CSA =10/DSQRT( 26000}
] SNA =CSA
0 CONTINUE

UPDATE COLUMNS 1 AND J OF T -

ANNe O

DU 11 K=1eN
HOLDK 1 =T(Kel)
T(Ks 1 )=HOLDXKI®CSA+TIK+JISSNA
T(KeJISHOLDKERSNA-TIK + JI®#C5A
1 CONTINUE

COMPUTE NEW ELEMENTS OF IN COLUMNS T+J

[aXalalk o

60 TO 15

)
IKI(KI+SNA®AIK s J)
60 YO 14

mOarce
s~ >

-
LS

HOLDIK =AlleK)}

A(1¢K)=CSA®HOLDIK+SNAS®A(JK)

A(JeKI=SNA®HMOLDIK~CSA®A (I K)
CONTINUE

COMPUTE NEw ELEMENTS OF A IN COLUKNS 1.J

o

AIKEJI=SNASAIK(ID)~CSA®RALIK(J)
WHEN K IS LARGER THAN 1

OND NON-

DO 19 K=jeJ
IF (KeLEsI) 60 YD 18
ALKs JI=SNARATK(K)=CSA®AIK,J)
60O TD 19
18 ' HOLDKI =A(K.1)
A(K o 13=CSARHOLDKI+SNA®A(K.J)



AUKoJ)=SNA®HDOLEKI-CSARA(K S}

19 . CONTINUE
’ AllsJ)=060
22 CONTINUE
20 CONTINUE
C

C FIND SIGMA2 FDR TRANSFORMED A AND TEST FOR CONVER~-
C GENCEesveeo .
C
SIGMAZ=0.0
DO 21 I=}]N
EIGENCI) =A
SIGMAZ=S 16N
21 CONTINUE

(1 )

A2
IF (1+0-SIGMAL/S

El

1T

(E

v 1 :
+EIGEN( )82

IGMAZ.GE-EPS3) 60 TO 25
CALL REARR (T, GENsTLEIGEN)
WRITE (6+204) ER'SIGMAZ»S N
YRITE (6.201) 16E

NCEI)ei=14N)
WRITE €6+206) )
DO 24 JU=1.N
WRITE €6+201) (TCleddel=1,N)

24 _CONTINUE
60 Y0 208

25 WRITE (6+202) ITER'SIGMAL,SIGMAZ
SIGMAI=5IGMA2

26 CONTINUE

C
C IF ITER EXCEEDS ITMAX NDO CONVERGENCEess
C

WRITE 0641203) ITERsSoSIGMAL,SIGHAZ
DD 27 I=z=1.N
WRITE (6+201) (ALIsJ)eU=1sN)
27 CUNT INUE
WRITE €6+207)
DO 28 [=1.N
WRITE (64201) (TUJeJdeJd=1eN)
28 CONTINUE
GU TO 208

C
C FORMATS
C

200 FORMAT (1H1saXe 654 DETERMINATIGON OF EIGENVALUES BY
®  JACOBI®S METHODewiTH/1HO.6Xs 104 N =y ]a/
#  TIXelOH ITMAX = o]la/ TXs10H EPS] =+E124 3/
®  TXe)lOH EPS2 Z9E12¢3/7 TXe1OH EPS3 =9EL1243/71H )
201 FORMAT (TXe 10FL1e7)
202 FORMAT (lHO»6Xs10H ITER e I5¢10X410H SIGMAL
- L10Xs JOH SIGMAZ =,F10.5)
203 FUORKAY (1HOs84Xs21H NO CONVERGENCEe wilTH// TX
Ll 104 1TER 29 IS595Xe JOH S SsF10e6505Xe10H SIGHNAL
» Fl0e5+5Xe10H SIGMA2 =4F10e5/14 1}
204 FORMAT (1HOs8X, 314 CONVERGENCE HAS OCCURRED,
. 6Xs10H ITER %5 I5+5X e 10H SIGMAZ =4F10e595X,
L 4 10H s =sF10e5+5Xs 10H N Ee1S/1HO
- 4Xe36H EIGENVALUES EIGEN(1) ene EIGENIN) ARE/ZIH )
206 FORMAT (1HO+4Xe T1H EJGENVECTORS ARE IN CORRESPONCING RAWS
*# DF THE FOLLOWING T MATRIXZIH )
207 FORMAT (1HOe4X» 28H THE CURRENT T MATRIX 1S71H )
C
208 RETURN

END
C SUBROUTINE REARRANGE
C TO ARRANGE THE £ IGENVALUES AND THME CORRESPUNDING
C EJGENVALUES IN DESCENDING DRDER



1,E1G(128)

E REARRITTEIGsT+EIGEN)
TE128+128) +EJGENI128)+TTL128+128

REAL®8 (A-H,0-2)
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THIS program is associated with the previous one,

wprogram to reconstruct the EEG signal.

$JOB WATFIV

PROGRAM TO RECONSTRUCT THE SIGNAL USING THE KLE RANDONM COEFF1e
AND TL COMPUTE THE ERROR RESULTED FROM THE APPROXIMATIDN

0onnn

IKPLICIT REAL®8 (A~H.0-2)

INTEGER 1sCHAN

RZAL®S8 EEG(Q-IZBD-PEEG(&.IZBD-HEEG(Q.lZB)yﬂEAN(Q)uVAR(Ql
REAL®E T(128+128)ERROR(128)

READ THE RAw EEG DATASSCALE 1T« AND SEPARATE 1T INTO 2 EPOCHS
(THE TRAINING SET EPDCH AND THE PRECEED ING EPDCH) AND & CHANNELS

CALL SCALSP(EEG.PEEG)

SCALE THE RAW EEG DATAs CALCULATE THE MEAN AND VARIANCES
AND SUBTRACTY THE MEAN FROM THE DATA

(aXaXalalalaXakal

CALL MEANVR(EEGIWEEGeMEANIVAR)
N=128

0D 5 Jx=i,128

READ (11+¢4) (TUIsJdlel=leN)

L FURMAT (7Xs6F21e7}
S CONTINUE
C IECONSTRUCTING THE EEG SI1GNAL AND COMPUTING THE ERROR
C VEZCTOR AND THE TOTAL MEAN SQUARE £RROR OF THE APPROXINATION
C
CALL GAMILC(T +Ns WEEGsERROR)
S10P
END
C SUBROUTINE SCALSP !
C SUBROUTINE FOR SCALING THE EEGs AND SEPARATING IT INTO
C 2 EPOCHS AND & CHANNELS
C RAWDAT ~ PAW £EG FROM THE AL CONVERTEFS
C SEEG - £EG DATA FOR THE TRAINING SET
C SPEEG - EEG DATA FOR THE PRECEEULING EPOCH

SUBROUTINE SCALSPISEEG.SPLEG)
IMPLICIY REAL®8 (A-H,0-2)
REAL®B SEEG(4,128)SPEEG(4128)
INTEGER RAWDAT (12240 ¢ 1eJsCHAN
READ(10, 10) (RAWIATI1)el=x=1,1024)
10 FORMATI1614)
J=1
DO 30 I=1.128
DO 20 CHAN=1+4
SPEEGICHANS 1 )=IRAWDAT( J)-204765172047:5

JEJrl
20 CONTINUE
30 CONTINUE

J=513
o0 S50 I=1.128
DO a0 CHAN=1.4
SEEG(CHAN.ID=(RAUDAT(J‘-2047-5)/2047-5

JJdel
AQ CONTINUE
50 CONTINUE
RETURN

END
SUBROUTINE MEANVR
SUBRDUTINE FOR CALCULATING THE MZAN AND VARIANCE OF THE EEG
FROM A SINGLE EPOCH
THE EEG DATA APt ALSO SCALED AND THE MEAN SUBTRACTED OUT
SHEAN ~ MEAN OF THE EEG
SYAR - VARIANCE OF THE EEG

(aaXaYalals)



C SWEEG ~ ZERO~MEAN EEG DATA
c .

SUBROUTINE MEANVR(SEEGsSWEEG+SMEANS SYAR)
IMPLICIT REAL®*8 (A-H.0-2)
INTEGER J+CHAN
REAL®B SEEGIA,12B) +SWEEG(A+128) vSMIEAN(4) »SVARIG) o HAM
DO 5 CHAN=l.s
SMEAN(CHAN) =0
5 CONTINUE
D0 20 I=1.,128
DO 10 CHAN=1.4
SMEANCCHAN) =SMEANCCHAN)I+SEE G CHAN, 1)
o} CONYINUE
o] CONTINUE

SUBTRACTIGN DOF THZ MEAN

DOON -

DO 40 CHAN=1.6
SMEAN(CHAN)=SMEANICHAN) /128
SVAR({CHAN)=0.0
DO 30 1=1.128

SWEEGICHANS I )=SEEGICHAN, I 1-SKEAN( CHAN)
SVAR(CHAN)=SVARICHANI+SWEEGICHAN 1 1 o822
30 CONT INUE
40 CONTINUE
RETURN
END

SUBROUTINE GAMIL FOR CALCULATING THE ERROR
AND RECONSTRUCTING THE SIGNAL

SUBROUT INE GAMIL(T+N, WEEG+ERRIR)
IMPLICIT REAL®B8 (A-H.0-2)
DIMENSION TE128+126) 4 WEEG(4,128),ERROR(]128)
DIMENS IDON SOMEC128),AIK(128) s2RRFER(]ZB)
INTEGER [ +KoJs CHANLIER
CHAN=]
DO 10 I=1.N
AlK(13=0.0
10 CONTINUE
DD 20 I=1.N
K=1
DO 30 J=j.N
AIKIT)ISAIKC I 4T (JsKIRWEEG(CHANyY J)
30 CONTINUE
20 CONT I NUE
PRINT o(AIK(IDol=14N)

C
C GENERATE THE APPRUXIMATED VECTOR LATA
C

[alaXalal

DO 40 J=1oN
SOME(JUI =040
AQ CONTINUE
DD 60 I=14N
DO %0 JU=],50
SOMECII=SONECII+T (I o JIRALIKIUY
50 CONT INUE
60 CONTINUE

C
C CALCULATE THE ERROR VECTOR
C

ERRMS=040

TENG =040
DO 70 I=1.N



70

80
90

100
110

7%

ERROR(II=WEEG(CHAN,1)~-SOME( 1)
ERRPERIII=ERROR(IV/WEEG(CHAN, 1)
ERRMS =zERRMS+ERRQOR(] ) ee2
TENG =TENGWEEGICHAN, 1) 85 2
CONT INUE
ERMSPC=(ERRMS/TENG ) #100
WRITE (641009
WRITE (6480) (ERROR(I)sI=1eN)
WRITE €(6+110)
WRITE (6+80) (ERRPER(I)sI=1.N)
WRITE (6+90) ERRMS,TENGs ERMSPC
FORMAT (4(E1Ge6s1X))
FORMAT (1HO»6X»10H ERRMS =92El4e6/
*7Xs10H TENG =sEl4e6/ 7TX,104 ERMSPC
FORMAT (141,4Xs204H THE ERROR VECTOR
FORMAT (LlH1e4Xs3)H THE PERCENTAGE E£R
RETURN
END
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2)- Program to implement.the FAN INTERPOLATOR.

[aYalalalalsl

PROGRAM TO IMPLEMENT THE FAN INTERPOLATOR, T0
RECONSTRUCTY THE SIGNAL FROM THE STOREDL PARAMETERS
AND TO CALCULATE THE RESULTED ERROR wlTH THE TOTAL
MZAN SQUARKE ERROR OF THE APFRUXIMATION o
FIRST +THE S16NAL HAS TO BE SCALED AND TO BE
OF A ZERO MEAN )
INTLGER IICH‘NDUNlTIK!Nvu(IZB'OKM
REALS EEG(Q-126)'PEEG(QtlZB’OUEEG(‘-IZBDQERRPER(IZB)
¢ REALS “EAN(Q’-VAR(Q’oA(le’oAPP(lZB).ERRUQ(lZB)
C READ THE RAW EEG DATA+SCALE 1T» AND SEPARATE IT INTu 2 EFOCHS .
g (THE TRAINING SET EPOCH AND THE PRECEcDING EPUOCLH) AND & CHANNZL S
c CALL SCALSP(EEG.PEEG)
C SCALE THE RAw EEG DATA. CALCULATE THE MEAN AND VARIANCE
E AND SUBTRACTY THE MEAN FROM THE DATA
CALL MEANVP‘EEG,EEEG.MEANoVAR)
C
E CALCULATE THE STRAIGHT LINE PARMETERES TOD BE STOREDs
CALL STRINTIWEEGs AW M)
C
C RECONSTRUCT THE SIGNALF IND THE APPRUXIMATED SIGNALe
c .
CALL RECUONS(AHAPP)
C
g CALCULATE THE ERRIR VECTDOR +AND THE WCAN SQUARE ERROR
N=128 '
CHAN=1
ERRMS5=040
TENG =00
D0 70 I=leN
EPFUP(|)='EEG(CHAN'1,-APP(1)
ERQPER(II=ERRDR(I)/UEEG‘CH‘N-I)
ERRMS =ERRMS+ERROR(1)*e2
TENG ZTENG+WEEGI(CHAN, 1 #82

70 CONT I NUE
ERMSPC= (ERRMS/TENG)#100
WRITE (6,100}
WRITE (6¢80) (ERRIRL1IDs1=1eN)
wRITE (641101
WRITE (6+80) (ERRPER(1)el=1:N)
WRITE €(6+490) ERRMS, TENGsERMSPL
a0 FDRMAT (B(El1&+6¢1X)2
90 FORMAT (1HO.6X+10H ERRKS =,El4e 6/
#7X+10H TENG =eEl4e6/ 7Xs10On ERWSPC SeF12¢06/1H )
100 FORMAT (lHl,4Xs20H THE ERRUR VECTUR IS/LH )
110 FORMAT € 1H1le4Xe31H THE PERCENTAGE ERROF VECTOR 15/1H )
‘STOP
END

SUBRDUT INE SCALSP
SUBROUTINE FDR SCALING THE EEGs AND SEPARATING 1T INTO
2 EPOCHS AND 4 CHANNELS
RAWDAT — KAw EEG FRUM THE AL CONVERTERS
SEEG - EEG DATA FOR THE TRAINING SET
SPEEG - EE6 DATA FOR THo PRECEELING EPICH
SUBROUTINE SCALSPISEZG+SPEEG!
REALE SEEG(49+128B)+sSPEEGI4+128)
INTEGER RAWDAT(1024) ¢ leJs CHAN
READ(10,+10) (RAWIAT(I)s1=1+1024)

[a¥alalalakakal
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20
30

[aTaYaXalalalalakel
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o
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]

[alaXalnlalaialel

(o}

FORMATC(1614)
J=)
DD 30 I=}.128
DD 20 CHAN=1.+4
SPEEGICHAN 1 1={RAVWDAT(J)
JzJde)
CONTINUE
CONTINUVUE
J=513 .
DO 50 I=1.+128
DO 40 CHAN=1.6

~20475) 720475

SEEGICHAN.])=(RA'CAT(J)-ZOA7-5)/20&7.5

JEJ+)
CONTINUE
CONTINUE
REZETURN
END

SUBROUT INE MEANVR

SUBROUTINE FOP CALCULATING THE MEAN
FROM A SINGLE EPOCH
THE €56 DATA ARE AL
SMEAN = MEAN OF THE EEG
SVAR - VARIANCE OF THE EEG
SWEEG ~ ZLRO-MEAN EEG DATA

AND VARIANCE OF THE EEG

SO SCALEL AND THE MEAN SUBTRACTEL ouT

SUBROLT INE MEANVR(SEZ G+SWEEGISMEAN, SYAR)

INTEGER [sCHAN

REALS SEEG(Q-IZS)-SUEEG(Q'IZBI'bMEAN(AioSVAR(Q)

DD 5 CHAN=1+4
SMEAN(CHANI=O
CONTINUE
DO 20 I=1.128
DO 10 CHAN=1.4

SMEAN(CHAN)=SNEANICHANDOSEEG(CHANgl)

CONT I NUE
CONT I NUE

SUBTRACTION OF THE MEAN

DO 40 CHANZ=] 4
SMEAN(CHAN):SNEAN(CHAN)/IZB
SVAR(CHANDI=0.0
pO 30 I=1,120

SWEEGECHAN 1=
SVAR(CHAN)=SYV
CONT INUE

CONT | NUE

RETURN

END

HANDI+SWEE

SUBROUTINE STRINT
TD CALCULATE THE PARMETERES OF THE L
WHICH APPROXIMATES THE EEG SIGNAL EF

CGEEGLCHAN I ) =SHMEANICHAN)
aR(C

GI{CHAN, 1) #%2

INE SEGMENTS
OCHe

A= A VECTOR USED TO STOKRE THE END POINTS OF THE LINE.
Mz A VECTOF USED TO STORE THE NUMBEK OF SAMPLES FOR EACH INDVIDUA

L INE

SUBROUTINE STRINTUWEEGeAsM)
DIMENSION AL128) o MI128) WEEG(4e]
CHAN=1

AS AN EXAMPLE THE TOLERANCE 15 SET 7
DELTA=80.00E-03

28)
J HAVE CERTAIN VALUE



30
32
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10

J=1
JizsJd+l
Ja2=J
J3=d-1
IREAR]
N=128
DO 20 I=2.N
1iI=11+1
IF({116TeN) 60 TD 11
S=YEEGICHAN, 11 ) ~WEEG(CHAN,J)
K=zJ+}
DO 10 Ki=Ksl
K2=K1-J
K3=11~J

SS=WEEGICHAN K 11-LIK285) /K 3)

IF(DABSISS)eLEsDELTA) 60 TO 10

IF(leEQeN) MIU1)=2%J2
A(J2I=wiEEGICHANSJ)
A(J2+1)=wEEGICHANS )
N({l):l-J3
Ji=dlsl
JesJda+l
Ii=1+1
Ja=1
c¢0 TO 20
CONTINUE
IF(1.EQeN) &0 TD 21
CONTINUE
MEl)=24J1
A(J2)I=WEEGI(CHAN, J)
AlJ2¢1)=wEEGICHANS )
M(Jl)=1-J3
WRITE €6+30

SUBRDOUTINE RECONS

TO RECONSTRUCT THE EEG SIGNAL FRO4 TH_ LINE SEGHENTS

PARAMETERS
APP =THE APPROXIMATED (RECONSTRUCTEL)

SUBROUTIND RECONS(AsMAPP)
DIMENSION AL 128)sM(128) 1AFPLL1I28)
N=M({1)/2
K2=1
K1=0
DO 20 1=2.N
K=mMtld+K1
5s=A(1-1)}
Ba=AL1)
Z2=8B~SS
D0 10 u=K2:K
K3zJ=-K2
KasK=-K2
APPIJI=SS+((K3R2ZZDV/K4)
CONTINUE
Ki=K
K2=K

1Ve1=10J1)
l'nl‘l.dl’t(UEEG(CHANo|'0l=loN)

S IGNAL



20 CONTINUE
WRITEL6:30) CAPP(JID) oJ=1y128)

30 FORMAT (B(F12e6s1X))
‘ RETURN
END
SENTRY

ra.d



3)- Program for implementing the least-square error interpolator.

$J08B WATF1V .

C PROGRAM TO IMPLEMENT A FIRST ORDER INTERPOLATOR USING

C THE LCAST SWUARE ERRIX CRITERION IN FITTING THa LINES s

€ THEIN RECONSTRUCT THE SIGNAL FRDM THo STRAIGHT L INE PARAMETERS

C AND CALCULATE THE RESULTED ERROK ANL ++E TUTAL MEAN SQUAKE ERROR

C OF THo APPROXIMATIONG

C FIRST THE DATA HAS TD BE SCALED ANL TO BE OF ZERD MEANe
INTEGeR I+CHANIKeNeM(250) 4 MM
REALY EEG(4,128)+PEEGLGe128) 0w
REALS MEAN(G)VARI &I+ AL256) AP

£ ) RRIPER(}£8)
t (128)

E
P
RIAD THE RAW EEG DATALSCALE 1T+ AND
1 E

T INTU 2 EPOCHS
HE TRAINING SET EPOCH AND THE PR C

C H) AND & CHANNELS
"CALL SCALSP(ELG.PEEG) ]

SCALE THE RAw EEG DATAs CALCULATE THL MEZAN ANO VARIANCE,
AND SUBTRACY THE MEAN FROM THt DATA

CALL MEANVRUEEG«WEEG'MEAN» VAR)
CALCULATE THE L INE SEGMENTS PARAMCTERS,
CALL STRINT(WCEGsAsMoMM)

RECONSTRUCT THE EE6 EPOCH USING THE STIRED L INE SEGMENTS
PARAMETERS '

CALL RECONS(A M MM, APP)}
CALCULATE THE ERROR YECTORsAND THE TUTAL MEAN SQUARE ERROR

OO0 ONAO O00 0N00 NNND

N=128
CHAN=1
ERRMS=0.0
TENG =00
D0 70 I=1sN
ERROR (1) =WEEGICHAN+1)-APP(I])}
ERFPERI(II=cCRRORPII I /WEEGICHAN.1}
ERKMS =ERRMS+ERROR(1 ) ®e2
TENG =TENGH+VEEGICHAN:[) a2
70 CONT INVE
tPMSPC=(ERPKS/TENG)® 100
WRITE (65100}
WRITE (6+80) (ERROREI)s1=14N)
WRITE (61100 .
WRITE (6+480) (ERRPER(I)eI=1N)
WRITE €(6+90) ERRMS,TENGERMSPC
80 FORMAT (B(E144641X))
90 FORMAT (1HO:6Xe10H ERRMS s¢E 140 67 '
#7Xs10H TENG Zebh 18067 TXelOH ERMSPC =4F12e671H )
100 FORMAY (3lHlIs4X+20H THE ERROR VECTOR IS/1H )
110 ;?g:AT ClHle4Xe31H THE PERCENTAG:z I RROR VoCTOR IS/71H )
END

SUBROUTINE SCALSP -
JUBRIUTINc FOR SCALING THE EEGe AND SEPARATING 1T INTO
2 EPDLHS AND & CHANNELS
RAWDAT = RAw EEG FROM THE AL CONVERTERS
SEEG - EE6G DATA FOR THE TRAININL SET
SPEEG = £t6 DATA FOk THE PRECLECING EPICH
SUBROUT INE SCALSP(SLEGsSPEEG)
REALS SEEG(6+128)SPEEGL4 128}

[alalalalalalp]
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20

30

(aYaXalalalakalala

10
20

C
C

[aXalalalaXalalalalaksl

INTEGER RAWDAT(102
wiADI10:30) (RAWDA
FORMAT (L O14)
J=4
DO 30 I=1.128
DO 20 CHAN=lar 6
SPEEGICHAN1 I=LRAWDAT(J)-208T7451 /720475
Jed+)
CONTINUE
CONT INUE
J=513
DO 50 1=1,128
: DO 40 CHAN=1+%
SEEGICHANS 1 1=CRAWLATEUI-2047:51/72047+5
J=Jd+1l
CONTINVE
CONTINUE
RETURN
END

-

Vo
[

SUBRUUTINL MEANVR

SUBRGUTINE FOR CALCULATING THE HWcAN ARD VARIANCE OF THt EEG
FROM A SINGLE EPOCH

THE EEG DATA ARE ALSO SCALEL AND THE MIZAN SUBTRACTED OUT
SMEAN - MEAN OF THE EE6

SYAR - VARKIANCE OF THE EEG

SWEEG = ZERU-MEAN EEG DATA

SUBRULT INLC MEANVR(S5Ec Ge S WEEG+SMEL ANs SVAR)
INTEGER IeCHAN
REALSB SEEG(‘-IZBD-5!556(4-128)'SMEAN(Q).SVAR(Q)
DO 5 CHAN=1+4
SMEAN(CHANI=O
CONTINUE
00 20 §=1l.128
DO 16 CHAN=1 4
SHEAN(CHAN) =SNEAN(CHANI+SEE GO CHANY 1)
CONTINUE
CONTINUE

SUBTRACTION OF THE MEAN

DO 40 CHAN=1+4
SHMEAN{CHAN)=SNEANICHAN) /128
SVARICHAN)=0e0
DD 30 I=1s12b0 -
SWEEGICHANs 1 1= SEEGICHANY 1 1~ SKEANICHAN)
SVARICHAN)=SVARICHAN) +SYEEGI(CHAN, 1 )88 2
CONT INUE
CONT INUE
RPETURN
END

SU3ROUTINE STRINT

SUBROUTINE TO FIT LINEZ SEGMENTS TO THE e G DATA OF

THE FORM P(X)=MXx+3 ACCORDING TO THz LCAST GF SQUAKES ERROR
CRITERION AND STORc THE PARAMETERS Meo FOR EACH SEGMENT

AND THE NLMoER OF SAMPLES REPKESENTED B8Y EACH SEGMENT .

A = A VECTOF USED JO STIRS THE VALULS K.8

M = A VECTOR USED TO STURE THE NUMBER OF SAMPLES OF EACH LINE
MM= 0 OR 1 ACCORDING TU THE TOTAL NUMBER OF STURED POINTES TO
8E ODL OR EVEN RESPECTIVELY.

SUBROUT INE STRINT (WEZGshsNKoMM)



DIMENSION AC256) s MI256) +1WEEG(A43128)+F(2) B2
CHAN=]

C
E AS AN EXAMPLE THE TOLERANCE 1S SET HERE TO TAKE DEFINIT VALUE
DELTA=40400E~03

J=1

Jimdel

Ja=Jd

J3z=J-1

F(23%0e0

B8(2)=0.0

N=128

DO 20 I=1N

o lli=lel
IFLI1e6TaN) &0 TO 11
14=0

! 15=0
T0=0.0
T150.0
FL1Y=F(2)
B(l1)=Bl21

DO 5 13=Jell
lax=lae(]3-43)
15=15¢(i3-J3)%e2
YO=TO+WEEGICHAN,13)
: T1=TI¢WECOGICHANI[3)8(13~J5)
5 CONTINUE
Flai=(((11=J3)#T1)-(16+T0))/
8i2)= (L1570 -1 14T R NI/CL
K=J
DD 10 KX1=Ksll
C AS ANOTHER EXAMPLE THE TOLERANCE COLLD BE AUJUSTED
C T3 TAKE VALUES DEPENDING ON THE EPDCH CHARACTERISTICS
[ DEL=5000% WEEGICHANLK 1)
C

1=-{14nn2))
(Jaws2))

-
to

SS=WEEGICHAN K31t LF(2)2(K

L~<hreBC2))
1FIDADBSISS)IelEeDELTA) o0 TO 1}

o

»
.l
[ &
N
-
e
~
R
[ T
(RS
-
-

If t1.EQGeiN=-1)) 60 TO 9
60 TD 20
] ACJ2)=WCEGICHANIN)
MiJl)=1
M(Y)=(3001)-3
Hr=1
WRITE (6e31) CAIKK) s KK=2ed2)
60 10 22
CONT I NUE )
IF(leEWeN) 60 17O 21
CUNTINVE
MEL1)I=(300]10-2
AlLJ2)=FL2)
AtJ2¢1)=8B(2)
MiJi)=1~J3
MM=0
KKK=J2¢+])
WRITE(G6e31) (ALID o1
22 WRITE (63090 [ IR

NN e o
Qe O



(WEEGICHAN 1 )sI=}, N)
]

0¢l3:s1X1)
20641X))

W

-

R

[w]

X

F 4

»

-t
-

SUBROUTINE RECONS

SUBRUUTINE TO FIND THE APPROXIMATED Ec6 EPOCH USING THE
STORED PARAMETERS

APP= THE POINTS OF THE APPRDXIMATED S 1GNAL

SUBROUY INE RECONS(A+sMoeMN, APP)
DIMENSION AC2561.M(256) +APP(128)
N=128
CHAN=]
IF(MMeEQel)
Jiz=iMelr+2)s
J2=(2e01)~-2
Kezdars2
60 T0 10
5 Jl=(M(]1)+3)
J28(2401)-3
Ke=lJde=1)/72
APPINI=A(K2
10 K1=0
K3=0
DO 25 I=1.K2
K3=M({]l+1)e¢K3
JJI=2e1
SS5=A(JU=-1)
88=Al Jd)
K=K f+]
KK=K3+1
IF(KKeGTo128) KK=128
D0 15 J=K KK
APP(J)=(SSe (J=~K ))+BDE
WRITE (6+8) APP(J)
8 FORMAT (Fl12e6)
15 CONTINUVE
Kl=K 3¢} \
25 CUNTINUE
WRITEC(6+30) (APP(J)eJ=12128)
30 FORMAT (B(F12e6+1X1))
RETURN
END

[alalalalels

60 TO 5
3

/73

+1)

SENTRY
2



4) - Program for implementing the classifiers.

JOB WATFIV

PROGRAM TU ASSIoN:E EACH APPROXIKAIEL 516GNAL TO A CLASS
leEesTO CLASSIFY THE EPOCHS INTU A NUWMBER OF CLASSES

USINGs THE DICeFUNCTIONS JaTAIND FROM THE SMLUAsTHE PROGRAM
15 WKITTEN HERE TO BE A GENERAL ONE

FIRST REAL THE SIGNIFICANT FEATULRLS USED TO DISCRe BETwWeEN
THE CLASSES +AND THEN READ THE FARAMCTERES TO FORM THE
DiCe FUNCTIONSe

INTEGER 1eKsJsCHAN _
RoAL EGIM) s EEQEM) +S(asMM) s EAVEESF (MoMMe])

[a¥alalalalalaYalal ]

READ THE PARAMETERS TO FORM THE EQUAT 10NS

M = THE NUMBER OF EWUATIONS =THE NUMBER OF CLASSES

MM = THE NUMBER OF FIATURES

MM+l = THE NUMBER OF CONSTANTS UN EACH DiCe FUNCTION.
MMM = THE TOTAL NUMBER OF EPOCHS TD bl CLASSEIFIED.

nonannn

DO 15 J=1M
READ(115) (F(Joldsl=loMMel)
CIONTINUE
DO 60 JJJUs1sMMK
D0 10 CHAN=1+4 :
REAG(10+5) (S(CHANsL ) sI=1 M)
FORMAY (7(F9e501X)}
] CONT INUE :

-
v

FORMING THE EQUATIONS

[alalalkod'

DO 50 CHAN=1+4
CU 25 J=1M
€EQ(JI=0.0
DO 20 I=1.MM
EQ(JIZECL(JI+F(Je 1) RS ECHANS 1)
20 CONT I NUE
SQEJISEQLJI +F (e MM ]])
25 CONTINUZ
k=1
DO 35 I=1+M-]
1F(EG(K) «GTeEQUI¢})) G0 TD 30
EE=EQIK)

30 : EEQUI +1 1)
TO 35
35 CONTINUE
WRITE (6+6)
FORMAT (6Xs0l
DD 45 I=1 ' M
IF(ELQUL)eE
’ 60 TD o5
40 PRINT el |
41 FORMAT (14)
o0 TO 50
45 CONT INUE
50 CONT INUE
60 CONTINUE
syoe e e
END
SENTRY
7"

Q I e I=1eMI» (EQUINS1=10M)

Q
)
<)
EE
Elae 6y 1Xi)
Q

«EC(1)) 60 TU 40
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APPENDIX C

Comments On KLE Results

In this Appendix, the KLE results as applied to EEG
data are 1llustrated via tables. Each table contains
information about the classification of some epochs (using
the parallel classifier) in both original and approximated
forms. Also, the mean-square error of the approximation is
given. The epochs are chosen such that the range of the

mean-square error will be covered.



114

1) - Normal (NORM)

Epoch No. |Original Classif. Approx. Classif. | M.S.E. %
1 NORM SLOLO 17.5
2 NORM NORM 2.3
3 NORM NORM 7.3
4 NORM SLOHI 2.1
5 NORM NORM 16.2
6 FAST LAMP . 23.1
7 SLOHI SLOHI 0.08
8 NORM NORM 7.5
9 NORM SLOHI 7.96

10 NORM NORM 4.7

M.S.E. range for normal epochs is 0.08% - 23.1%



2) - Artefact (ARTEF)

115

Epoch No. | Original Classif. Approx. Classif. M.S.E. %
1 ARTEF ARTEF 0.06
2 ARTEF ARTEF 11
3 ARTEF ARTEF 0.14
4 ARTEF SLOHI 3.1
5 PLYSP SLOHI 11.6
6 ARTEF ARTEF 2.7
7 ARTEF ARTEF 0.4
8 ARTEF ARTEF 0.25
9 ARTEF ARTEF 2.8

10 PLYSP SLOHI 1.7
- 11.67%

M.S.E. range for artefactual epochs 1is 0.06%
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3) - Low Amplitude (LAMP)

Epoch No. | Original Classif. Approx. Classif. M.S.E. %
1 LAMP LAMP 36.9
2 LAMP LAMP 22
3 LAMP LAMP | b5
4 LAMP LAMP 1.6
5 LAMP LAMP 14.6

M.S.E. range for Low amplitude epochs is 1.6%2 - 36.9%
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Epoch No. |Original Classif. Approx. Classif. M.S.E. %
1 FAST FAST 49 .8
2 FAST FAST 30.4
3 FAST FAST 50.4
4 FAST FAST 19.9
5 FAST FAST 7.7
6 FAST LAMP 15.6
7 FAST SLOHT 5.7
8 FAST SLOHI 0.8
9 FAST FAST 4.4

10 FAST LAMP 22.5

M.S.E. range for fast epochs is 0.8%Z - 50.4%
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5) - Slow - Low Amplitude (SLOLO)

Epoch No. | Original Classif. Approx. Classif. M.S.E. %
1 FAST LAMP 0.4
2 SLOLO SLOLO 2.7
3 SLOLO SLOHI 2.1
4 SLOLO SLOLO 10
5 SLOLO SLOLO 22.5
6 SLOLO SLOLO 8.3
7 SLOLO SLOHI 4,5
8 SLOLO ‘ SLOLO 4,9
9 SLOLO SLOHT 9.7

10 SLOLO SLOLO 6.3

M.S.E. range for slow-low amplitude epochs is 0.4% - 22.5%
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6) - Slow - High Amplitude (SLOHI)

Epoch No. | Original Classif. Approx. Classif. M.S.E. %
1 SLOHI SLOHI 5.1
2 SLOLO SLOLO 18.8
3 SLOHI SLOHI 0.15
4 SLOHI SLOHI 3.1
5 SLOHI SLOHI 11,7
6 PLYSP SLOHI 12.6
7 SLOHI ARTIF 0.8
8 SLOHI SLOHI 1.1
9 SLOHI SLOHI 0.24

10 NORM SLOHI 2.9

M.S.E. range for slow-high amplitude epochs 1is 0.15% - 18.8%
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7) - Sharp/Spike Wave - High Amplitude (SSWHI)

Epoch No. | Original Classif. Approx. Classif. M.S.E. %
1 ‘SSWHI SSWHI 11.2
2 SSWHI SLOHI 5.2
3 SLOLO SLOLO 38.5
4 SSWHI NORM 12.7
5 SSWHI ARTEF 0.96
6 SSWHI PLYSP 1 30.1
7 SSWHI SSWHI 7.8
8 SSWHI SLOHI 10.9
9 SSWHI SSWHI 2.7

10 ‘ SSWHI ARTEF 0.5
i

M.S.E. range for sharp/spike wave-high amplitude epochs is

0.5% - 38.5%
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8) - Isolated Spike (ISOSP)

Epoch No. | Original Classif. Approx. Classif. M.S.E. %
1 ISOSP NORM 4.9
2 ISOSP ISOSP 24,1
3 IS0SP NORM 13.9
4 PLYSP SLOLO 32.5
5 IS0SP ” SLOHI 5.3

M.S.E. range for isolated spike epochs is 4.97%7 - 32.57%
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9) - Multi-Spikes (PLYSP)

Epoch No. |Original Classif. Approx. Classif. M.S.E. %
1 PLYSP SLOLO 40.5
2 ’ PLYSP SLOHI 43.6
3 PLYSP PLYSP 13.8
4 SLOLO PLYSP 37
5 PLYSP SLOLO 16.5

M.S.E. range for multi-spikes epochs is 7.2% -~ 43.67%
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APPENDIX = D -

Least - Squares Line (Discrete Data)

The method of last squares, was developed first by Gauss.

First of all, when the data are discrete we may minimize the

sum

N
S = E [yi -ag T oay L amxi] : [D-1]

for given data x Yy and m < N.

i!
The condition m < N makes it wunlikely that the polynomial

2

p(x) = a, + a;x + a,x R amxm [D-2]

can collocate at all N data points. So S probably can not

be made zero.

For the case of a linear polynomial

p(x) = Mx + B [D-3]

the sum S has the form
N
$ =1 (y; - Mx;, - B) [D-4]

to minimize S, we have to equate the 1lst derivatives to

ZEeTro.
N
08
-6‘]?—2.2 (yi—Mxi-B)—O
i=0
[D-5]
N
08
il -2 E Xi(yi M ox, - B) =0
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Rewriting we have

(N+1) B+ (Zx)M=2Iy, [D-6]
2
(Z xi) B + (& xi) M= I XYy [D~-7]

introducing the symbols

S (N +1), S, = L x, , S, =75 x

o 1 i

t =X vy, , t, = I xiyi [D-8]
equations (D-6), (D-7) may be solved in the form

[D-9]

which completely define the straight line p(x) = Mx + B.

2
To show that SoSZ - S1 is not zero, we may notice that
2
squaring and adding terms such as (xO - Xl) leads to
2 2 )
-0 < X (x, - %x.,) = N. L x, - I X,X, [D-10]
1< * J i i-3 -
2 2
but alse (L x,) = 2 x, + 2 I X, X, [D-11]
i i . i
i<j
2
So that S S, - S, becomnes
o 2 1
2 2 2
(N + 1) xi—(Z xi) = N. I X, - 2 iij Xixj > 0 [D-12]

Here we have assumed that the x, are not all the same, which

is surely reasonable. This last inequality also helps to

prove that M and B chosen, actually produce a minimum.
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Calculating second derivatives we find

88 _ 4,54 88 _ 95 22 -2 3 [D-13]

Since the first two are positive and since

2 2
(251) - 2 (N + 1)(282) = 4(81 - SoSZ) <0

The second derivative test for a minimum of a function of
two arguments B and M is satisfied. The fact that the first
derivatives can vanish together only once, shows that our

minimum is an absolute minimum.
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APPENDIX - E -

The Technique used to Design the Terminal Classifier

In the past decade, several systems for automatic
recognition of abnormalities associated with epilepsy have
been developed. A complete discussion of automated analysis

techniques are given by Gevins [1] and Barlow [2].

i - Pattern Recognition Background - The Decision -

Theoretic Approach

Pattern vrecognition <can be defined as "the
categorization of input data into identifiable classes via
the extraction of significant features or attributes of the
data from a background or irrelevant detail” [25].
Mathematical pattern recognition deals with underlying
theory and practical techniques for machine implementation

of a given recognition task. Recognition of patterms using

the decision - theoretic approach 1involves three basic
steps: (1) pattern Preprocessing (2) Feature extraction and
(3) pattern classification. The functions of the

preprocessing include pattern encoding and approximation and
the filtering, restoration and enhancement of the
approximated patterns. For example, in the case of the EEG,
filtering to remove insignificant high frequencies and

digital encoding to facilitate further processing. After
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the preprocessing stage, each pattern typically is
represented by a large number of wvalues. The purpose of
feature extraction is to determine from these values minimal
set of features which adequately describes differences
between patterns of various classes. The final step in the
decision-theoretic approach 1is to classify the input
patterns, based on the values of their features, 1into
predetermined classes or groups. This classification is
accomplished using discriminant or decision functions (hence
the name decision-theoretic). These functions are derived
in what is known as a training procedure, in which sample
patterns representing each of the classes are used to
calculate the decision function coefficients. An excellent
discussion of the decision theoretic approach 1is given by

Tou and Gonzales [l4].

ii Feature Extraction and Terminal Classification

All EEG data used in this research, was recorded usiag

a four channel cassette recorder. Eight 24-hour recordings
were obtained from six patients between ages of ten and
sixfeen years. All six patients were suspected of having
some form of epileptic abnormality. Portions of record
suitable for use in training the terminal classifier as well
as recorders for evaluating system performance were

selected. For the purpose of our analysis, each of the EEG



128

channels was segmented into terminals consisting of one
second duration epochs of EEG activity. These terminals
were selected because they satisfied the requirement of
representing the simplest subpatterns of significanée of
EEG.

As discussed previously, decision=-theoretic technique
was chosen to identify terminals. This didentification
requires that a set of features be extracted from the EEG
which adequately describes differences between the terminal
classes.

Several feature extraction techniques have been
employed in the analysis of EEG signals. A partial listing
of these techniques includes spectral analysis using Fourier
-~ transformed autocorrelation functions or the FFT, time
domain descriptions based on moments of the power spectrum
[26-27], auto and cross-spectra, filtering and interval
analysis [26]. Rather than use any of the above techniques,
spectral estimation based on autoregressive modelling was
chosen for extracting features from the EEG.

There were several reasons for choosing autoregressive
spectral estimation for extracting features from the EEG.
First, features derived ffom spectral estimates generally
provide a better description of the EEG and have more
physical significance than do those obtained wusing other

techniques. Second, autoregressive methods
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provide better spectral estimates for short pleces of
record, an dimportant feature given the duration of the
terminal used. Another interesting property of the
autoregressive estimate 1is thaf it models peaks in the
signal spectrum before the valleys. An additional advantage
of this technique 1is that the spectral estimates obtained
are smooth, and thus do not require windowing.

In order to determine which of the used features were
most relevant to classifying the one-second EEG epochs into
the terminal classes, and to generate the decision function,
a procedure known as stepwise discriminant analysis was
used. This was accomplished using the program BMDP7M of the
Biomedical Computer Programs Package [28], available on the

University of Manitoba's computer system.

iii Stepwise Discriminant Analysis as a Classification

Technique

Stepwise discriminant analysis (SWDA) cowmbines a

process for generating linear decision functioans for
classification purposes with a process for selecting from a
large number of features a small set of important ones.
Initially, the program must be provided with a training set,
i.e., a set of sample patterns or cases, represented by
their features, and the class to which each of the patterns

belongs. As suggested by 1its title, the procedure proceeds
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in steps. At each one, a number (related to the F-ratio,
used to test the statistical significance of the differences
between means of two sets of observations) is calculated for
each feature to express the amount of discriminatory power
it provides. The feature which provides the most
discriminatory power 1is then entered into the decision
functions. This procedure continues until the features
added no 1longer contribute significantly to discriminating
between <classes. The program provides information
describing how well different classes are discriminated. 1In
addition, several options are provided to allow the user to
specify the wentering of variables into the decision
functions.

The decision functions calculated by P7M are those for
a Bayes Maximum Likelihood Classifier [l4]. To simplify the
calculations and produce linear decision functions, the
algorithm assumes that all pattern classes have mnormal
distributions with equal covariance matrices. In the final
output of the program, the decision functions, calculated
from those features which have been entered, as well as a

pseudojackknifed <classification matrix (which gives the

classification accuracy of the decision functions when used

on the training set data) are provided.
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Stepwise discriminant analysis was chosen for feature
selection and generation of decision functions for two
reasons. First, SWDA provided a simple way of eliminating
useless features, reducing the computational load involved
in recogniziﬁg terminals and improving classification
performance. Second, SWDA simplifies the generation of
their performance.

One disadvantage to using SWDA, arises from the
assumptions used in generating the classification functions.
These assumptions (normally distributed classes, equal
covariance matrices) are 1likely invalid, and wundoubtably

result in less than optimum classification performance.





