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ABSTRACT

This thesis pïesents a study of the Karhunen-Loéve

expansion (KLE) data compression technique as applied to EBG

slgnal. The KLE Èechnique was found Eo give a daËa

conpresslon ratio of 2.56:I, which is found to be feasible

for a mean-square error less than L5i( ' Typically, the

Karhunen-Loéve expans ion was found to cause high frequency

information losses. Straight line interpolation techniques

!Jere also investigated. The straight line interpolation

techniques 'eJere found to be inferior to KLE, because' in

general, they introduce a higher anount of distortion to the

signal. IIowever, they r¡rere able to better approximate spike

activity in the EEG. Terminal classifiers \{ere also

designed to test the KLE ability to preserve the EBG signal

characteristics afEer aPproximation and to recognize the

epíleptic abnormalities associated with EEG '
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CIIAPTER 1.

INTRODUCT I ON

1-1 Overvievr

Electroencephalograms ' 
or EEG I s, are recordings of

the electrical activity of the braÍn. These recordirrgs are

useful, because .many physlologlcal abnormallties produce

characteristic \raveforms in the brain's activity' Today'

EEG's are used routinely to provlde lnformation relevant to

the diagnosis, prognosis, and treatment of a great variety

of abnormal conditÍons, including epl 1epsy, cerebral tumors

and thrombosís, developmenLal abnormalitíes, and metabol-ic

and endocrine disorders [ 1 ] . They are also used as a

research tool in neurophysiologY, and for morritoring sleep'

The traditional method of BEG interpretation lnvolves visual

scoring by Èralned elecLroencephalographers ' Keeping ln

mlnd what ls known about a paEient' the

elect roencephalographer observes the EEG t s frequency and

arnplltude, as well as spatlal and ternporal relatlons between

paËterns ¡.¡hlch occur. The posstble cllnical slgnif icance of

these observaÈions is then evaluated'

EEG conslsts rnainly of Èhree baslc tyPes of acEivity

normal background rhythms, artefacts, and Eransients [24 ] '

Normal background actlvity is generally classified '
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based on tts dominaût frequencY, lnto one of 5 frequency

bands : Delra ( 1- 4 Ílz) , Thet a (4-B LIZ) , Alpha (8-r2 HZ) ,

sigrna (12-r 4 HZ) and Beta (14-3 5 HZ) . The second cateSory

of ldavef orms observed ln the EEG ls artef act, whi ch is

defined as any potential difference due to aÍì. extracerebral

Source.Artefactsaregenerallyundeslrabledísturbances

whichmaybetransientorlastthroughoutanentlrerecord.

Thereareseveralsourcesofartefact,includinghead'arm

or 1eg moveuent ' 
eye b1-inks, faulËy electrode connect ions '

and extraneous physio logical signals such as ECG ' 
EOG , ancl

EMG actlvlty. The thlrd fype of ac!lvity present in the

EEGistransientactlviÈy.Transientsappearlnavarlety

of forms, the most lmport'ant of whlch are assoclated wltÏt

epl1epsy.

UnfortunaËe1Y, there are many problems assoctaEed

wlth traditional methods of EEG analysls. The clinical l1llG

ls, to a large extent, more of an art than of a science 12)'

Evaluatíon of records 1s very dependent on such factors as

the amount and ktnd of. tralnlng and experlence ' There 1s

alsoconsiderablevariatloninevaluatlonSbyanindlvídual

interpretor' noË only fron day to day and subject to subject'

butlnÈheSamerecordingt3].Thíslackofconslstencyand

standar dizatlon 1n the evaluation of EEG recordings limirs

their usefulness as a diagnostlc Eool '
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Additlonal problems have been posed by the advent of

prolonged EEG recordings ' These recordings ' 
which

generally last 24 to 48 hours (eompared with 20 minutes for

a standard EEG ), Produce large anounts of data ' For

example, a 24 hour recording on a standard EEG machine

wouldproduce2'5kmofwriteout,andtfiElssanpledata

rate of 2OO samples/second, it wfll need a menory slze of

nearly 69 I'fbyte (using one byte to store each sampl-ed

value).ltlsclearthatahtrgestorageareaÍsrequired

to sËore these recordtngs for later use ' 
beslde that the

analysis by hand of such an amount of data on a routine

basis presents a foruidable Ëaslc'

ApossiblesolutionEotheabovestatedproblemsis

todevelopacomputerlzedsySÈemforEEGanalysls.Suclra

systeltr could offer many advantages, including an objective'

consistent evaluation of the EEG. Autoruated analysis would

freehtghlyskÍlledelectroencephographersfrornthelabour

ofevaluatingalargenumberofeasilyclassifiable

records and all0w them to concentrate on tasks whlch make

betteruseofthelrexpertise.Also,ltisofinterestEo

develop methods of achievlng a substantial reductlon ln the

datavolumerequiredtostoreEheserecords.CompuLer-

based technlques hold a partlcular promlse for evaluating

prolonged EEG recordlngs, and for reducing the storage

needed by these recordtngs' Clearlf ' based on
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the

for

preceeding

developing

dfs cus s ion,

computerized

there ls considerable moElvatíon

sysËems for EEG analYsis.

L-2 Format of the Thesís

Thts thesis descrlbes researchaÍmed at

invesEigating the capability of various compressl-on

techniques ln reduclng the memory slze requlred to store

the EEG recording, and rleveloping an automated system to

reco gn1ze abnormallties in the original tlEG sígna1 as well

as in the comPressed signal ' In partlcular, a computer-

Ínplemented system is presenËed which employs the Karhunen-

Loéve expansion (KLE ) technique to achl-eve an acceptable

reduction in the requíred storage area' In additlon' a

study vras made to iuplement a computer-based termÍna1

classifier to detect abnormalítfes assoclated with

epl1epsy, and to check Lhe validity of the data compresslon

technlque.

The prirnary ob jectives of this research \dere (1) to

lnvestigate the feasibtlity of using data cornpression

techniques, ln particular KLE' to compress the EEG slgna1'

without altering lts characteristlcs, (2) to inves tigate

the feasfblllty of usln.g pattern recognition techniques ín

recognlzing epilePtlc abnormalltl-es, and (3 ) to lay the

ground work for future research'

This thesls consists of two major sections '
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Initially, in chapter 2 artd chapter 3, we discuss the basic

theoretlcal background of different data comPression

techniquesandtheireffÍciencywiththesignalin

çluestlonri.e.rtheEEGsignal'Theremalnderofthe

thesls is concerned with the designing of a terminal

classifier to detecE abnormallties associated with the

EEG.

In Chapter 2, a theoretical introductlon for the

daËa compression problem by way of orthogonal

transformatíons, with rnajor enphasls on the Karhunen-Loève

transform, and a discussion of a proPosed system 1s

provtded.

In Chapter 3, an fnvestigation of other data

compression techniques especially straight line

lnterpolatlon is illustrated, and a comparison 1s giverr

between the dlfferent techníques with regard to their

valldity for Ehe EìlG signal.

In Chapter 4, a design of a terminal classifier is

given, and a comparlson 1s provided between various ÈyPes

of termlnal classiflers regarding their efficiency 1n

deÈecting EEG abnormalltles '

Chapter 5 concludes this thesis by proposlng

posslble improvemenEs to the EEG analysls system, and by

suggestlng areas for future research'
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CHAPTER 2

DATA COMPRE S S ION PROBLEI"I

\
KARHUNEN-LOEVE

AND SOLUTION USING

EXPANSION

2-L Int ro duct i on

The EEG signal , ln general , is a nons tat lonary

randomsl¿nal.Buttheassumptionthatthestatistical

properties do not change during short sect ions ' 
leads to

the general descríptlve mode 1 of an EEG slgnal ' which

assunes the slgnal to consist of quasistationary segtnents

on whích transients may be superimposed t61. The presence

of such segments in Ehe EBG suggests that lts treaEmenE as

a 1oca11y statlonary slgnal would be val-1d. Therefore, the

firststepínEEGanalysistsofLentodívfdeitlnto

mafiageablelengths.Differentsegmentatlonproce<luresare

dlscussed in [4], t5]. In our case' a one second segement

length 1s qulte adequate r and ensures that the signal ls

staElonarY wlthfn this interval '

Prolonged records of EBG signal range from L2 hours

to 48 hours, ,ilepending uPon the case to be studiecl ' 
with

usually 4 tecorded channels. If these records are to be

stored for later purposes, a storage medfum with a large

memorycapacltywfllberequlred.Forexample,aL2hour

recording¡ oD a 4-channel EEG recorder, sampled aL a rate
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of L28 samples/second, needs a memory size of almost 20

Mbytes, 1f each sampled value of an EEG is stored uslng one

byteinstorage.Thereforeritlsnecessarytodevelop

methods to reduce the data volume needed for EEG recording

storage. Data compresslon leads to savings in Ëhe amount

of memory required to store the EEG in dígiËa1 form. Such

compresslon must be accomplished rsithouE sacrificlng the

informaËion requirements of the user , e.8., the signal can

be reconsLructed within a specified error. DifferenE

techniques for accomplishing data co¡trpressIon, ln man)¡

dif f erent f ields of l-nterest ' are dlscussed in [8 ] , [9 ] ,

[10].
Thts chapter presents the results of an lnitial

sËudy to determine the feaslbiltty of securing

electroencephalograph (EEG ) data compress ion via ortl-rogonal

transf orms, ln partl-cu1ar , the Karhunen-Lobve Trans f orrn

(KLT). A proposed system for implernentlng such a technlque

is gfven. Cornparisons between the reconstructed EEG signal

( from Èhe compressed data ) and Ehe origínal EEG r are also

given. Besides, the capability of KLE as a feature

extractlon technique is l-ntroduced '
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2-2- Karhunen-Loève Expansion (KLE)

2-2-1 KLE as a Feature Extract ion Techní a ue

Aposslblesolutl-onÈotheproblemofexcessive

feature space dimensl-onaltty is to perform a Llnear

transformatton on the data r mâPping it into a lower

dimensional space. A llnear transformatlon coul<1 be

applied to either contl-nuous ' 
or discreLe data forn '

Appendlx A lllustrates the apPlicatlon of KLE to EEG in

its contlnuous form. Here, we concentrate on its

application

corner -stone

the ( randorn )

it is a zero

at

Nxl

t-

EEG signa 1 , and as s ume '

mean random Process. If

to discrete data since thls 1s the najor

in this thesls. More preciselyr let y(t) be

spans the time interval al to 
"2, 

the

for convenience , tha E

the epoch of lnteresE

N time sarnples Èaken

(N 1)r t2 t1
(2-L )

evenly spaced

dime ns iona 1

lntervals of T seconds can be exPressed by

random pattern vecLor:

y(Er)

I(t, + r)

a

a

a

1)r), (rl. +(N
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GivenlânYsetofN'NxldimenslonalorËhonolmalbasis

vectors:

io. )'t- 1 N 0 f'
t9

(2-2 )1 j

Y can be expressed as a weighted sum of those vecLors:

N

Y=f,0
i=1

(2-3)

T
I 02 I J

r+j

x
l-1

where the random coefficients, xi' are linear functlons of

the random vector Y

1 N (2-4)

'vthat ls desired is an approximation of Y usíng fewer than

and coefflcients:

x +€ rM<N (2-5)
i

N bas is vec t ors

M

Y=f, 0
i=1 I

1
T

orYx.
1

2

where e is an Nx1 dimensional random vector representing

theerrorlncurredbythetruncaEionoftheseries.

Deflning the Mxl random vector X:

X *1
*z

(2-6)
a

x
M
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we may express the llnear transformaLion of the high

dlmensional pattern vector Y inËo the lower dlmensfonal

feature vector X as:

x (2-7 )

The components of X can then be interpreLed as a compact

set of features which represent the original pattern in

that the origlnal EEG nay be reconstructed from these

features with some sma1l error' If the linear

transformation is successful, the dimensionality, M, of the

feature vector, x, can be made much smaller than the

dimensionality, N, of the Pattern vector, Yr while sLi1l

mafntaining acceptably smal1 values of the error vector '

SeveraL transformations have been developed; among Èhem are

the orthonormal exponential, Fourier, Haar, Dlscrete

coslne, I^laIsh-I{adamard, and Karhunen-Lo!ve transf orms [11] ,

LLzl, t131.

The Karhunen-Lobve transform (KLT) is unlque arnong

them ln that 1t has been shor.sn to possess t'úIo oPtlmal

propertles:

1) tt mlnLmizes the mean-square of the representation

when only a flnite number of basis functions are used

in Ehe exPans lon (uqt't , (2-21) ) '

2) lt mlnimLzes the entropy functlon defined in terÌûs of

the average squared coeff lclents used in the

expansion t141.

I[0, þz....or1rv



where p(X) ís

Besides the

11

The naxf mlzation of populatlon enEropy ls defined

by:

h = - E {l,n¡p(x)l} (2-8)

the probability densiÈy function for x'

above, anoLher ProPertY 1s thaf the

coefficients of the expansl-on (the resultÍng features ) are

uncorrelated ("qtt. ( 2-18) ) '

The Karhunen-Lo!*'u

optinal sPecif ication

mathematlcal terüs ' 
let R

R=[{Y

It has been shown thaÈ the
T

E te e)

is minirnízed over

vectors tf theY

eigenequation:

t.ransforru, thenr cofistltutes an

of the basls vect0rs. In

be the N X N correlaLion matrix:
TY') (2-9)

expected squared error given bY:

the choice of

(2-10)

all orthornornal basis

be solutions of theare chosen to

R0 (2-11)
t

and if the subserlpts are chosen such that:

) l,rn > )Àn (2-12 )

The KLT features are computed by flnding the projecËion of

thevectoroftlmesamplesa]-onEtheunitmagnitude

elgenvectors corresponding to the dorninant etgenvalues of

the correlation natrix. The optimality of this

transformation lies ln the fact Ehat it attempüs to take

advantageofanystattstlcalregulariËylntheensemble

bein g .-epresented. Consequently, r€latively f ew

À. o.11

X,
1

¡.



r2

coefflcients may be used to represent a much higher

dimensl-onal clata vector wlth minimal error '

From a sígnal space pol-nt of view, the KLT perforns

a rotation of the coordlnate frame such thaE the axes are

allgned wfËh those directions in which maximum staEistlcal

devíation is observed in Lhe sígna1 ensernble be lng

represenÈed. Because this transformaLion is rotatlonal

(and Lo the extent that the representation is a good

approximat lon of Ehe origlnal signal ) the structure oE the

orlginal_ signaL space 1s preserved. Distances beLween

varíous slgnals 1n the original- space should be almost

identlcal tn the new feaLure sPace, and the Euclidean

Dístance algorithms employed by a number of researchers

t15-161 should be just as appllcable ln the ne\'I feaEure

space.

Anumberofresearchershavealreadyexploredthe

appllcaLlon of KLT to ECG data lLz-L71, speech data t13l

and image codlng t181. In thls thesls, our interest is of

course 1n applytng the technique to EEG data. As mellLloned

rfe shall lnvestfgate 1t as a data compresslon technique '

Also lre shall dtscuss lts valldtty wlth EEG as a pattern

recognltlon technique.

2-2-2 KLE as a Data Com ression Techni ue

Because much of

lo[ve transforu (KLT )

the justiflcation of the Karhunen-

is based uPon the fact that the
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original EEG signal may be reconstructed fron irs

assoclated random coefficlents (features ) ' 
an eval-uatlon of

theKLTfromthestandpointofthemeansquared

reconstructlon error is presented in thls sectlon' The

examlnaÈion of the KLT from Ëhe point of view of EEG

classífication ls lefr for chapter 4. As described in the

previous section, the KLT is a linear feature extractor'

That ís, the MXI feature vector:

X= *1
x2

through Lhe transformation:

x = [ôtþ2,...0"]Tv

M

is derived fron the NXl pattern vector:

Y= v1
,:

a

yN

(2-13)

(2-14)

(2-1s)

transformatlon matrix are

corresponding to the M

a

a

x

where the M basls vectors of the

chosen to be those eigenvectors



largest eigenvalues of

R 0r

the correlation matrl-x' R

¡,.0.
1l-

>À >¡,

e

T t J

L4

(2-16)

(2-te )

,r2rt
m n

Because \{e assuüe that the correlation matrix ís

nonsingularrandbecausethecorrelatlonmatrixis

Synmetric'ltsNe,igenvectorsformacompleteorthogonal

(henceforth presumed to be orthonormal ) basls spanning the

pattern space. Hence, the pattern vector may be

represented exactJ-y by N features (coef'ficÍenÈs):

(2-L7 )t

where the features are

are also uncorrelated, I

given by eqn. (2-4). The features

Y

N
T *totI

1 I (2-18)
i+j

An approximat ion

coefftcients) ls:

of Y using Ìf (<N) features (randorn

M

Y=f,
i =1

+e

l¡here e' Ehe random error vector' is given by:

x.)
J

E{x

0

x.0.a1

M

x
i=1

e Y *tot (2-20)
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Theneansquareerroroftheapproxlmatl-onisdeflnedby:

TE {e e)

r,te e) B{Y Y

T TE{e e) E{Y Y

E{Y
T

l,l

E{(Y 
'i =1

*r oi) 
r (v x.ô.))a1

1

M

1

=I
( 2-2L )

Th" elgenvalues âre of partlcular lnteresE because they

indtcaÈe the degree to whlch the approximaEion of (2-19) is

degraded when coef f lcients are deleted frorn the

represenEatlon. Equation (2-2L) ""rt be re-exPressed to

show thís. carrylng out the inner product in (2-2L ) and

uslng (2-L7> to substltute for Y in the rniddle term,

(2-2L ) becomes:

T T
M

x
j =1

T
M

2L
f=1

M

x
j =1

M

+E
f=1

M

x
j=1B{Y Y

(2-22 )

The two double sums may be reduced by virtue of the

orthorrormallty of the eigenvectors:

M

2L
1=1

M

Y+X
i=1

oj"j )
Tx. ô.a'l_

Tx.ô.al-

"roTôj*j)"roToj*j

M

2L
i =1

l',I

+x
l=1

x.x.11

x.x.)11

*t*i)

l"t

Y-X
i=1

(2-23)

using (2-4) to substltute for *i, and brlnglng the



expecÈation into the sum:

t_6

0i (2- 2 4)

to be the sum of the dlagonal

using (2-16) and aPPlYfng

(2-25)

E{e T T
e) EiY Y

T
B{Y Yi

trace (R)

where trace (R)

elemenÈs of R.

orthonornalitY rå7e

T
E {e e) = trace (R)

= trace (R)

M

x0
l- =1

ts def ined

Lastly,

M

t
i=1

T
0i vro. )'1Y

M

ro
t=1

T
1

R 0i

R
T
1

get:

lvl

-x 0
i =1

M
1

l=1

orÀr
T
i

À.
t-

From equatlon (2-25) tt can be seen that:

1) - Trace (R) Ís t.he expected squared error incurred when

no features (randoru coefficienLs ) are used ln the

approxirnation of Y (that is when the best a priori

guess gtY), ls used as the approximatton) ' This

quanttEy has been referred to as "total- energy" in the

signal 1n question'

2) - The expected squared error decreases by an amount

rhequal to.the t-" elgenvalue when the ith coefflcient

1s included tn Ëhe representatlon '

It can be shown that the sum of all N el-genvalues 1s equal
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to Èrace (R), and hence N features can comPletely account

for the toLal energY.

It should be noted Ëhat the eigenvalues alone are

noÈ verY

the total

informative ln that thetr magnltudes dePend uPon

signal tEself. However, the ratio:energy of the

(2-2 6 >

feature should

measures the

rhthe i

tr,- f trace (R) (2-27 )

fractlon of total energy accounted fot

¡..
1

trace (R)

is useful in deciding whether or not the tth

be retained in the representatlon, for it

fractfon of the total energy accounted for by

coef f iclent. Sinilarl-y, the ratio:
M
Í

1=1

1s a measure of the

by the M dimenslonal representation. The error due to this

be re-expressed as:representation

E {eTe i

can

N

-L
i=1

M

x
i=1

À ¡..
1I

N

L

i=N-M
1

"r-
(2-28)

The above discussl-on presumes that the pattern

vector, Yr ls

thls is true,

a zexo nean random vector. To ensure thaE

the mean must be subtracted from the vector

derlved by sampl-tng Ëhe EBG. If Z denotes the vector of

tlme samples taken from the EEG' Y is derlved by:

y=t E{Z) (2-29)
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The reconstructed slgnal can be found by adding back the

mean:
M

E{z) +x x
r -1l--L

0 +e (2-30)
Z

t- 1

where e corresponds to the error vector deflned by (2-20)'

From (2-29) iE can be seeû that the correlation matrix of Y

is ident ical to the covarl-ance matrÍx of Z '

InsteadofstoringtheNsaraplesoftheEEGsignal,

we can store only the M random coef f icient s , to achieve 7

data compression ratlo of N/M:1. ReconsËruction of the EEG

signalwíthallowableamountoferroristhenPossible.

The next secËion shows the results of the KLT appllcation

as a data comPression technique to the EEG slgnal'

2-3 AnalYsls of an EEG Data Conpression System

2-3'1 Proposed SysÈem

IfeachEEGsignal(epochofonesecondlength)

requires N words (bytes ) to store lts saropled values, then

an m:1 data compression lrnp1les that on !he averaEê I N/rn

words per EEG are requlred to sLore 1r" KLT random

coef f iclent s . c 1early the sEorage requlrement s are reduced

byafactorm.SuchcompressfonmusLberealLzed

essentlally wiËhout loss of the features necessary for a

phySiclantolnterPrettheEEG.Theeffectofdata

compresslon with respect to EEG has slgnif icant

impllcatlons. It could l-ead to the econornlcal storage-
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reLrieval- of EEG I s ln data banks ' 
and hence enable an

institutlon to have readily available EEG records from

1_arge numbers of patrenËs. Figure (2-r) shows a block

diagram for a proposed sys tem to achieve an m: 1 data

compresslon uslng KLT '
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N samples / sec. I'l samples /sec.

(a)

Recohstru-
-cted EEC

M"samples/sec. N samples / sec.

(b)

Fig. (2-1) KLT data'co¡npression of EEG signals by

a factor of m: I (n=N/l'l)

(a) storage (b) retrieval

Sanpled
EEG

Storage

rned ium

(m:1)

Data Compression

(KLr)

A

Storage
nedium

Inverse (KLT)

(Reconstruct ion )

A
I
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2-3-2 ImP lenenÈation and Exp erlmental- Results

The Karhunen-loàve transform, r€quires the solutlon

of an elgenvalue, el-genvector problem for a large matrix

(NxN). The solutiou, whlch must be obtaíned only once for

all Llme, can be performed off line (wtth the hope that the

same efgenvecEors could be used for all patlents)'

The following steps are necessary to go Ehrough in

order to find those eigenvecËors:

1 ) compute an (NxN) autocorrelatlon matrix R'

2)obtaintheeígenvaluesandthecorresPonding

norma1-lzed eigenvectors of R'

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

4)forapre-determinedallowablemean-Squareerror'

.ileEerminethenumberl,IoftheeigenvectorStobeused

in the exPanslon '

5)formasetofthesel"leigenvectorstobethebasisof

theexpansionandchooseLhoseeígenvectorswlrich

correspond to the l-arges t elgenvalues of R' Thesc

elgenvectorsaretobeusedlnbulldingthemajor

b1o ck 1n figure (2-1 ) '

A computer program \{as written, using Fortran Language ' to

perform these calculaEions, and ís described in Appendix ì].

Jacobl's meLhod f or a synmetrlc mat.rix I'ras used to solve

Ehe eigenvalue, elgenvector problem of an (NxN)*

autocorrelaÈ1on matrl-x R t 191 '

* N = LZSt
6amp1e/sec.

since Ëhe sampling rate belng used i'ras 128
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The eigenvalue, eigenvecLor problem was solved for

seven different epochs chosen at random, each belonglng to

a different class . Table (1 ) illustrates the results of

uslng five eigenvector sets as applied to differenL EEG

epochs (each set consists of 50 eigenvecLor). IÈ has been

shown that one set (the lst set ) of these eigenvectors lJas

more eff icien't than lhe others in rePresenting the

aval1ab1e EEG data wÍth respecË to Ehe lnean square error of

the approximation. As an examPle, the f lrst 16

eigenvectors of thts set (obtalned by using a normal epoch)

are shown ln Figures (2-2) through (2-9)'

The mean-square error vaLue of the apProxlmatlon, is

dependenË on the number of the eígenvecLors to be used in

the expansion. A1so, it is a measure of the efficiency of

Ëhe reconstruction operatlon. Figure (2-10) illustrates

Ehe relatlon between the nunber of the eigenvecLors used in

the expansion, and the resulÈant mean-Square error. A set

of epochs ì$ras chosen at random to draw this graph. It is

clear, from Èhe figure, ËhaE as Ì{e increase the number of

eigenvectors Ehe mean-square errOr value decreases.

Experimental resulÈs showed that 2.56 zl data

compression ratlo is feasible. That ls, 1f N(128) words

are requfred store an EEG epoch in its origlnal form,

then only M(50) words will be requlred to store tt in terms

of fts transform cornpofients (the coefficlents of the

expanslon ).
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Figures(2-r1)through(2_22)showdlfferenL

examples of origlnal and approxlmated epochs of EEG signal

uslng only 50 elgenvectors. Each figure shows also the

resultant point by poi4t. error of Ëhe apProximation and the

toËa1 uean-square error. In Appendix c, tables of the

nean-square error of some epochs approximation, aIe

provtded. The mean-square error has been found to range

f rom 0.067. - 50.4%, wich 83.7% of. the epochs having a mean-

square error of less than L57" '
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Table 1: Results of uslng flve dlfferent eignevector

sets with Lhe EEG slgnal

I
2

3

4

5

6

7

I
9

10

11

L2

13

L4

15

16

L7

18

19

20

2L

22

NOTE: The numbers listed in each rold are the values of the mean-square

error of the approxfmation, using the shown elgenvector sets'

S et lÍ5S et lt4set ll3Set ll2Set llLpoch No.

31

15.68
47.39
L8.52
38.5
L6 .97

7 .9

20 .3

14 .1

30 .52

38.2
7.13

27 .5

1.5
2.3
2,3

11.3
32 .6

L2 .64
18.9
11.9
20 .7

L3.92
6.38

14 .35

L8.77
3r .8

9 .62
5.76

23 ,83
18 .4

31.86
30 .7

4.3
16.3
r.4
2.97
t.2
8.5

2L .4
7 .9

13.9
10 .7

7.8

11.35
3 .42
7 .9

9 .25

r3.4
7.6
6.1

24.3
16.9
33.03
2L.7

4 .97

L4 .6

1.1
3.2
t.2
6.1

15.9
I .14

12.3
8.3
4,L

7 .59

2.52
I .16

2 .93
L9 .27

6 .37
5.9

22 .6
15.3
31.86
L9 .4

3.1
4.6
1.1
2.7
1.3
8.1

14 ,7

4.22
13.6

7

6.9

5.94
2 .71
5 .48

2.42
16.9
10. 53

5 .66

15.82
L4.4L
29.L
24.r
4,4
4.8
0.94
2.4
1.1
5 .78

9 .32
5.L2

L2.6
5.4
7,2
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CHAPTER 3

EEG DATA COMPRESSION USING STRATGHT LINE INTERPOLATION

3-1- Introduction

one of the well known cat egory of daÈ a compress ion

ls what is ca11ed redundancy reduction. Redundancy

reduction 1s a Ëechnique for ellmlnatlng data samples that
can be implted by examinaEíon of preceding or succeeding
samples, or by comparíson wíth arbitrary reference
patterns. shannon has defined redundancy as "that fracEion

of a message or datum whlch is unnecessary and hence

repetítive in Èhe sense that if it were mfsslng the message

would stil1 be essentially completer or at least could be

conpleted" t8l. The choice of reference patterns used Èo

detect redundancy ls vfrtually unllmit.ed. polynomiars,

exponentlals, and stne waves are good exampl-es of reference

patterns by whlch real data can often be approxlmated. The

process of redundancy reductlon can be achieved by means of
"predlctlon" from a priori knowledge of prevÍous sarnpres,

or by a postêriorl "interpol-ation" from future samples.

For redundancy reduction to achleve reasonable

compressLon efflclencles, it 1s often necessary to
introduce certafn errors. However redundancy reduction is
deslgned such Èhat the original Travef orms can be
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recons tructed wiËh a guaranteed fideltty. Thls fldelfty

can be esÈabllshed to supply the data wlthin Ehe accuracy

requiremenLs of Lhe user.

Many technlques for redundancy reduction are

possible, howeverr ote sinple method relies on the

approxlmation of the slgnal by polynomial segments or

"Interpolators " . The Parameters of each polynonlal are

stored in place of the original data. FirsË order

polynomials, i.e., stratghå Ltne inËerpoLation, are

cons ldered here speciflcally a1-though the tdea can be

readily genera]-]-zed to any other poLynornial. At the end of

this chapter, a comParíson 1s given between this technique

and the KLT technlque wlth respect t,o thelr efficiency in

compre s s ing EEG s ignal .

5- ¿- Descrlptlon of Flrst-order Po lynonial Interpolation

Technique s

As the name lmplies, the first-order po1-ynomlal

lnterpol-ator algori thm approximates the data wtth a linear

curve. These algorlthms operate by fitttng the longest

straight llne to the slgnal data and storlng signal

informa E ion only when the signal deviates by more than a

preset error l-irnit f rom the straight llne. This error

ltmit is adjusted according to the error crlÈerlon of the

a1-gorithTn. The non redundanL samples are selected
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thts criterion. The signal can beaccordíng to

reconstructed, r¡ith the

l-ess than a flxed

representing Èhe

is a descriPtion

l-tmi t

slgnal

of some

resul-Cing sampl-e point error always

t10-201. Several methods exist for

by a stralght 11ne, the followlng

of the se rue tho d s .

3-2-1 First-order Interpolator Two Deqrees of

Freedom 9-10

The first-order interpolator - two

freedom (Fan Interpolator ) operates by fittlng

sLralght l-lne between t\.Io sample poÍnts say

X-^Xas
n

shown fn Fígure

This ls done

falL wirhÍn

straight lines

such that all

the slant ing

beËween X +
o

algorithn uses

the stralght

1s stored.

sanpled poinL

X is withln a
o

a st raight line ls drawn

after Xo, i.e., X3. The

and the second Polnt s are

degrees of

the longes t

X and Xon

the intermediate samPle Points

aperture def lned bY the two

^X 
and X + 

^X. 
and X AX and

n'O
(3-1 ). It ls obvfous that this

t.he absolute value error crlteria in

afte. Xo, i.e

tolerance AX

., XZ. If the firsE

of the int,erpolated

be tween X and the
o

interpolated values

flrst

fittÍng

polnt *o

the second

poinÈ afËer

value, then

thlrd point

of the flrst

line. In thls algorithm, the

A line 1s drawn beÈween *o and

a tolerance 
^X 

of the

polnt af ter the last

now checked to see ff

actual values. If at

stored one, a line

they

the

are
th

nwlthin

s amp 1e ls drawn,
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0123

Time

Fig. (3-1) Operation of the FIN INTERPOLATOR
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and the actual value differs from the lnterpolated val-ue by

a quanEity greater than Ëhe tolerance, Ëhen the (n-1 )th

sampl_e ls stored as rse11 as the total number of sanples

between the start and Èhe end points of the 11ne, i'e', the

number (n-1) is stored. The process is then repeated using

X - as the startlng point of the ne\t 1Íne segment' The
n-I

signal is

the points

reconstructed by drawlng straight 1l-nes between

{xr'ii.

A Fortran program fs glven ln Appendfx B,

been written to implement the aLgorithm'

which has

3-2-2- First-order Interpolator Four Deg rees of Freedom

To achieve the largesL compression ratlo ' 
uslng a

1lnear lnterpolator, ít is necessary to select a llne

segnent that is withln K percent of as many samples as

possible.ThisoptimumftrsË-orderalgorlthmrequíres

freedom of both the starting and end polnts of the straight

11ne, resulttng l-n f our degrees of f reedom '

The performance of this optlmum process is shown 1n

Figure (3-2(a)). It ls seen that bouh the sEarting and end

polnts of each llne are compuÈed values such thar the most

posittve error and the most negative error beti{een the

sampl-e value and Ëhe interpolated value are equal and

wlthin prescrlbed tol-erance. The computed values of both

ends of the 11ne are stored. The next straight 11ne 1s
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startedfromthenextsamplevalueafterthelaststored

polnt.AlsortheendpotntofthesegmenEcanbeconnected

wlth a stralght 11ne to the beginning of Ëhe followlng fine

segnenL. Thís method fs also known as the mln-max straight

11ne fitttng or the equal- error line approxlmaÈion 1221.

Sincethefour-degrees-of.freedomllnear

interpolator is a coruplex process Lo lrnplemenË, tt is

reasonable to seek less than opEimun approxl-mations that

can be mechanlzed more easlly. Anchoring the startlng

point of the line segment to an actual or computed sanple

greatly slrnpliftes the solutÍon. Flgure (3-2 (b ) ) shows one

solutlon whereby the start tng polnt of a ne\t llne f s conrnon

to the end polnt of the previous 1ine. This algorithm is

referred to as the "Jolned l-{ne segment" first-order

lnterpolator. Thls technique was applied to EEG data using

the leasÈ-squares error criteria ín fittlng the sLratght

lfne ( the regression line fltttng ) , combíned with the

equal-error property. such an almos t -equa1-error is

desirable since it fmplies that our approxfrnatlon has

almost uniform accuracy along Ehe ent ire slgnaI 122-231 .

Both the parameters whlch completely def íne the stralght

llne p(x) = l"Íx + B, and the number of data points between

the ends of the 11ne ¡ âre sEored. These parameters are

given by the following equations:
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The detall of thfs crlÈeria is fu1ly explained 1n AppendÍx D'

In addltlon, a Fortran program has been r¡ritten Lo descrlbe

how this technlque was lmplemented to operate on EEG data,

and is 1lsted 1n APPendlx B'

3-3- Re sul t s and Comparison

Applyíng the stralght line lnterpolation technl-ques'

shows thaü their performance ls not sat isfacÈory. To

111us trate this conclusion, Tabl e (2 ) is given, whlch

contains the results of the technlques as applied to six

dlfferent selected epochs. From the tab1e, lt 1s apparent

t.hat the compressl-on ratlo varies considerabLy from one

epoch to another for Ëhe same amount of tolerance, whlch

sinply means that the comPression ratlo ls not constant

along the entlre record. A1so, lt shows t.hat the

compression ratlo ls too dependent on the predeflned

tolerance, which is found Eo be strongly dependent on the

epoch in questlon. Therefore, 1t has to take different

values dependíng on Èhe epoch characterlstlc. In spite of

this dependence, if the tolerance 1s adjusted to change ln

t ,

t
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agreement Ìdtüh the epoch characteristlc, the compress ion

ratio would st111- vary effectively from an epoch to

another. The table also shows that the resultant mean-

square error of the apProximation is hlgh' even for a

reasonable compresslon ratlo. Besldes, the reconstructed

slgnal 1s found to be too distorted from the origlnal

s lgnal .

On the other hand, Karunen-lolve transform performs

much better than these interpolaLion techniques r in that,

it results ln a conslant compression ratl o 2.56:1 which

does not depend on the signal characLerlstíc at all. Also,

the mean-square error of the approxirnatlon 1s fatrly

acceptable for díffererit epochs (range 17"'20% tn most

cases). The reconstructed slgnal using the KLE' ls very

close Ëo the ortginal signal in most cases'

It 1s clear from the above discusslon that, glven

sufflclent a prlori knowledge of the signal process' there

ls 1tttle to be gained by uslng these redundancy removal

technlques wlth EEG data. Also, tt 1s obvious that the

class of compression nethods considered here may or may not

perforn well dependfng on the data.
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stralght Llne interpol-atlon technlques

slx dÍfferent EEG ePochs

Four degrees of freedom

torInÈer o1

A=40.0 x 10

M.S.E

epoch

No.
-3

"/"

74.6
48

31 .6

55.8
98 .1

92 .6

S

D.C.R. 
=

M,S.E. =

A=

Data Compression ratio m (n

Mean-Square error
error tolerance.

N/M )

Fan

Two de

Interpolator
rees of freedom

À=80 .0 x l0
-3

À=40.0 x L0
-3

Â=80.0 x l-0
-3

D.C.RM.S.E.
7"

D.C.R.l"f.S.E.

7"/"

M.S.E D.C.RD.C.R.

40

55 .4

62 .4
99 .8

69

90'.2

r..07
2 .56

L4.2
t4.2

L ,94
L.94

3.3
8.53

42 .6
42 .6

5.33
3 .88

6.2
19 .1

33.9
60.5
6.0
4.5

0.81
1.11
2 .5L
s.56
0.83
0.82

2. 03

3.L2
18.3
25 .6

1.58
1 .85

72

49.3
LzT .6
132.8

23.8
40.94

I
2

3

4

5

6
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CHAPTER 4

DESIGN OF A TERMINAL CLASSIFIER

4-l IntroducÈlon

Deslgnlng a terminal classifier is found to be

necessary in order to detecÈ the abnormal-ities assoclated

with epl1epsy. Besides, the terminal- classlfler could be

used as an alternatlve rray of testing how efflcient the KLE

data compression technlque ls, in terms of Preserving the

essential features in the sl-gna1 after approximaË1on. In

thls chapter we concenÈrat.e in recognizlng the

abnormaliÈ1es associated wÍth epilepsy of both origína1 and

approxlmated EEG slgnal. Therefore, a brief description of

some f eatures of the eptlept ic EEG is provided belor^r.

The epileptlc EEG is described ín terms of 3 types

of rlavef orms spikes, sharp waves r and slow r,vaves. A

spike ís defined as a transient, clearly dls.tínguished fron

background activity, with a polnted peatr and duration from

L /50 to L/L4 seconds. A sharp lrave is a transienE sirollar

to a splke, but is of longer duration (L / 14 Ëo L / 5

seconds). A slow wave is any wave of duratl-on greater than

L/A seconds.

For the purpose of recognízlng epilePtic

abnormalities, the EEG could be adequately described fn

terms of ten terminal cl-asses: (a termlnal 1s an epoch of

one second length)

1) Normal acttvfty (predominantl-y alpha activtty ). IN0RM]

2) Low amplitude actlvity (< 20pv) ILAMPI
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3) Fast activity (> L4 HZ, but not lncluding activity

related to abnormallttes ) IFAST ]

4) Low frequency artefact (characterized by large shifts

in the baseline of the recording). IARTEF]

5) Slow wave actlvlty of lors anplitude (< 50 pv). ISL0L0]

6) Slow \dave activity of significant anplitude

(> 50 pv) . t SLOHI l

7) Spike/Sharp wave of low anplltude (< 75 pv). ISS1"]L0 l

B) Spíke/Strarp \,ùave of slgnificant ampliÈude

(> 7s pv) . I SSWHI ]

9) Isolated spike actlvity. I ISOSP]

10 ) Mult ipl-e spike act ivity . t PLYSP l

A desÍgn of a terminal classlfier was part of a

B.Sc. Thesls subrultted to the Department of Electrical

Engineering at the University of Manltoba, by R. Thorne.

The same technique has been used here, and some

nodlf ications have been added to design another

classifler. But since Thorne I s thesis is not published, a

detaí1ed descrlptlon of the used Lechnlque l-s províded 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 sf.xteen years, all r.rere suspected of having some

f orm of eplleptlc abnormality. These epochs r¡tere used in

thetr orlginal and approximated forms to evaLuate both the



classlficatfon and

Table (3 ) glves Lhe

the above mentioned
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compresslon efflclencies.

epochs belonglng to each of

the data

number of

classes.

Classifier Deslen AlternaËives and Results4-2 Terminal

4-2-l Paral1e1 ClassificaÈl-on

It is noted from Table (3) that none of the

avallable 615 one-second epochs, as classifled manual1y,

have been classified as ssI{LO (spike/sharp wave of lor¡

aropliÈude). Therefore, the step tì"" discrimfnant analysis

(SI,¡DA) was adjusted to díscrimlnate on1-y between the

previously mentioned nÍne classes ' Appendix E contaíns

more l-nformation about the sI^IDA. A training set of 350 EEG

epochs, each represented by 48 features, formed the entry

data to the SI^tDA. Only L4 features were selected by the

SI.IDA as they proved to be the most slgnlf icant in

discrirninatingbetweenthenineclasses.Totest'the

classlfier performance r a Fortran progran has been written

and llsted ín Appendix B. Figure (4-1 ) illustrates the

para11el classlficatlon approach, and Table (4) displays

theresulËsoftnrsclasstftcationtechnique.

TheSuccessrateofthlsclassifierinrecognizlng

eptLeptlc abnormalltles was g5 '37', and the false detection

rate Ìras 43 .27" (cons l_dering the abnormallt ies as every

actlvlty except those of normal and artefactual type)' Due



59

Tabl-e (3) Number of epochs as classified nanually

No. of epochsClass

Ll2

20

lt 1

83

L20

0

89

43

L7

20

NOR}4

LAMP

FAST

ARTEF

SLOLO

SLOHI

S SI^ILO

S SI.TTlI

ISOSP

PLYSP

61sTOTAL
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EEG

epochs

NORM

ARTEF

LAMP

FAST

SLOLO

SLOHI

SSWHI

ISOSP

PLYSP

Ftg. (4-1) Tree diagran of the parallel classifier.



Jackknifed Classif icatlon performance

functlons generated by uslng SI'lDA, in

classlfication.

61

of the declsíon

case of paral1e1
Table 4

NOR},I

ARTIF

LAMP

FAS T.

SLOLO

SLOHI

S S I^llII

ISOSP

PLY SP

Correct

Approxlrnated Class lf icat lon

ln (%)

Correct

Original Classif ication

in (%)

20 .5

83.7

95

32 .6

34 .5

73.5

27 .5

5.9

t5

47 ,3

79.L

90

91

55.5

38 .6

80.8

70.6

45
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to thls hlgh false detecEion rate, it is required to seek

other classtflers.

4-2-Z Seouentlal Classification

As the

sequence of

into a subset

epoch wÍ11 be

nine classes

results.

The

method is

name indlcaÈes,

steps. At each

of classes. At

this technlque consists of a

step arì epoch Ís classif ied

the end of the sequence, each

classlfied into one dlstincÈ class out of the

previously nentioned.

Four dlfferent nethods have been implemented using

this technique, each one differing slightly from the other.

A description of Èhese methods ls given below with their

performance in classlfying epileptíc abnormalitles '

The first method consists of four steps; tn the

first step, normal activity epochs are separaLed from all

other epochs. Then, the second step separaËes the

artefactual epochs from the remaíning epochs . The res t of

the epochs are then classífied into seven abnormal- classes

in tr{o steps. Figure (4-2(a) ) illustraÈes these steps by

means of a tree diagram, and Table ( 5 ) displays the

on 1y

that

difference betldeen the first and the second

the abnormalities are classified into the

ln one step onl-Y. Figure (4-2(b))

method via a tree diagram, and Table (6 )

seven classes

lllustraË.es this

contafns the resulËs.
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For these prevlously described methods, the success

rate in recognizlng EEG abnormal-lties $7as 76,27" and the

false detectl-on rate was 2L.3i4.

The Lhlrd and fourth methods are based on lhe same

idea of the first and the second methods, respectl-ve1y,

wlth the exception that ln Ehelr first steP the epochs are

separated into three classes, l-. e. , normal, artefact and

abrrormal actlvitles. The tree diagrams for Èhese methods

1s shown 1n Figure (4-3), and Tables (7) and (8) are given

Èo illustrate Eheir performance in classifying EEG data '

The success rate in recognizing the abnormallties using

these methods vras 8L.17", and Èhe f alse detection rate r{as

24.57",

From the classtfication resulÈs obtained, several

deficlencles in tTre terminal classlfíer performance \'üere

noted. 0f t,Ïrese, the most serl-ous was the classifierts

lnabtlity to detecE very short duratlon spikes, espectally

af ter approximat ion. The probable ca\rse of this <1ef icíency

1s that Ëhe chosen feaËure set does not accurately

represent the spikes. A second problem encountered v¡as the

excesslve detection of Low amplltude slow ÍIaves, which are

seldom of clinical signlficance. This problen like1y arose

due to deficiencies in the training seE '

It ls also observed thaÈ, in general, the correcE

cl-assification drops slgnificantly in cases of fast, spike
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EEG

epochs

EEG

epochs

LAMP

FAST

FAST

ISOSP

PLYSP

SSIi'HI

SLOLO
SLOI,I

SLOHI

(a) Method [1]

NORM

ARTEF

LA"UP

FASI

SLOLO

SLOHI

SSWHI

ISOSP

PLYSP

(b) Methoð Í21

Fig. (a-2) Tree diagran of the sequential classifier
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ePochs

EEG

epochs

NORM

ARTEF

LA.NIP

FAST

sL0l{

(a) Method t3l

NORM

ARTEF

[.Al''lP

FAST

SSl{Hi

SLOLO

SLOHI

I SOSP

PLYSP

(b) Method t4l

FAST

SSIiHI

5()5P

PLYSP

SLOLO

SLOHI

Fig. (4-3) Tree diagran of the sequential classifier.
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N0Rl"l

ARTIF

LAMP

FAST

SLOLO

SLOHI

S SI¡IHI

ISOSP

PLYSP
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Jackknifed Classification performance of the decísl-on

f unctlons generated by using Sl.JDA, in case of method

I, sequential classificatlon

Correct

Approximated Classtf icatlon

in (7")

Correct

Original Classif lcaËion

Ín (%)

51.8

86.05

75

5.6

47 .8

37 .4

34 .2

5.9

5

75.9

86.0s

B5

60 .7

39 .6

34 .9

40

29 .4

35
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Table 6: Jackknifed classlftcatlon performance of the decisfon

funcEfonsgeneratedbyuslngSl'lDA,incaseofmethod

2, sequenttal classiftcatlon

NORI'l

ARTIF

LAMP

FAS T

SLOLO

SLOHI

S SI^THI

ISOSP

PLYSP

Correc E

Approxlmated Classif ication

ín (%)

Correct

Original Classif icatlon

in (7.)

51.8

86.05

75

t2 .4

36

26 .5

L6.7

5.9

0.0

7s.9

86 .05

85

84 .3

42.3

34 .9

24 .2

47 .L

L7 .7
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NORì4

ARTIF

LAMP

FAST

SLOLO

SLOHI

s s!üHr

ISOSP

PLYSP

68

JackknifedClassiflcatl.onperformanceofthedecislon

f unctlons generated by using Sl'üDA, f n case of meEhod

3, sequential classificatl-on

CorrecE

Original Classif ication

tn (1Á)

Correct

Approximated Classif ication

ín (7")

48 .2

95 .4

85

7 .9

61 .3

37 .4

20

0.0

5

7r.4

86

9s

62 ,9

46

34.9

34 ,2

29 .4

40
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Jackknlfed crasslftcatron performance of the decision
functfons generated by uslng SI,¡DA, in case of method

4, sequential classification

NORM

ARTIF

LAMP

FAS T

SLOLO

SLOHI

SShIHI

ISOSP

PLYSP

Correct

Oríginal Classlf icatfon

fn(%)

Correc t

Approximated Classif ication

in ("/.)

7r.4

86

95

86 .5

48 .7

34.9

20.8

58 . B

20 .0

48.2

95.4

85

L6 .9

48 .7

26 .5

LL .7

5.9

0.0
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and spike/sharp wave activlties after approximatlon. This

ts because Ëhe aPProxÍuated signal suffers severely from

losses of lts hlgh frequency components. Also, it is noted

that mean-square error of the approximaÈion does not have,

nearly, any ef fect on the classification performance of the

classifier ín classifying the apProxlnated signal.

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

Ourmajorconcernrhereristoexaminethe

application of Karhunen-Loeve expanslon Transform (KLT ) as

a pattern recognlÈion technique. Since KLT ls a linear

f eature extraction operator, its random coef f lents I'rere

used as a feature set Eo represent the EEG data'

The Èralning set, suppl-f ed to the SI,IDAT consisted of

315 one-second EEG epochs represented by their 48 random

coefflcients (projectlons ) as a feature set. The third

method, discussed in the prevlous sectlon, lÍas used as the

classiftcation technlque uslng thls feature set. The

resul-Ès obÈalned using thls feaÈure set I¡¡ere noÈ

encouraging, even wlth read justlng of the SI'lDA parameters '

This impLies that the feature set sugges ted by R. Thorne

was better in represent ing the EEG slgnal. However, the

KLT coefficlents could be used successfully to represent

the EEG signaL, if some modífications are l-ntroduced in the

SI,IDA control parameÈers. A1so, it is noÈed that the choice
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of the tralning set epochs is critlcal and has greaE

lnfluence on the results. Therefore, attention must be

paid in selecËf ng the elernents of the Lraf rring set '

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

EEG.

NORM 487.

EEG epochs ARTIF 43%

APNORM 53 .5i(

F1g. (4-4) KLE Random coefflcients as a feature seË with

method (3) of the sequentlal cLassifler. The percentage of

the correct classlficaÈion is written beside each class '
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CHAPTER 5

CONCLUS IONS

The overall goal of thís thesis was the study of the

effectlveness of various daÈa conpression technÍques tn

reducing the storage requl-remenLs of the EEG recording. 0f

the techniques considered, the Karhunen-Lodve transform

proved to be superior to the others. A data compresslon

ratio of 2.5621 ls feasible, using the KLT technique, for a

mean-square error less Èhan L5%. It was found that 177. of

the epochs \.ùere approxlmated wiEh a mean-square error

(Ì"t. S.E. ) greater than I57.. MosË of . these \{ere of low

amplitude naËure, consequently the absolute error hlas of

the same order of nagnitude as the slgnal whlch resulted ln

a high M.S.E. In spite of this, the approximated epochs

agreed qualftaEively wlEh the original data, in mosL of

these cases.

The stralght llne interpolaËlon Eechniques \tere

l-nvesEigated for the EEG. They Proved to be of less

slgnificance as compared Ëo the KLT for three reasons.

First, the mean-square error of the apProxLmation qlas

fairly hÍgh. Second, even with 1ow mean-square errorr Èhe

approxl-mated slgnal aPpeared to have a distorted v¡aveform

as compared with the original data. Thírd, the data

compresslon ratlo was not unfform over Ëhe whole signal,

i.e., tt varies conslderably from one epoch to another. In
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spite of Ëhls, the straight llne techniques were able to

approximat,e the lsolated spike epochs, better Èhan the

KLT.

An alternatlve approach to measure the effecElveness

of the KLT, was to compare the origlnal and apProximated

epochs from a pattern recognltion poin! of view. This vlas

done by using different forms of a terminal classif íer to

classtfy both the original and the apProximated epochs.

From the obtained results, tt is noted that the classlfier

fatled to detect the spíkes in most of the origlnal epochs

(only 37 epochs were avaLlable ) . A1so, 1Ë is noted that

the correct classification drops significantly in cases of

fast, splke and splke/sharp lrave acElvitfes ' This

tndfcated that the approximaËion, using KLE' causes high

frequency informatlon losses. However, mLsclasstfication,

in many cases, \{as due to deflciencies 1n the terrutnal-

classlfler itself . The choice of Lhe training set

elements, whlch 1s used to obtaln the decislon functions t

had a great lnfluence on the classifier performance. Also,

the lrnproper definlÈ1on of some EEG classes, e.g. slow and

fast¡ wâs another reason for the classiffer deficiencies '

Therefore, a cri tlcal and careful cholce of Ehe training

set elements 1s required to improve the classífler

performance. Besldes, a better definftion of a new seE of

classes, sultably describlng the EEG actlvitfes' mâY' as

we11, improve the classif ler perf ormarlce '
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APPENDI X A

Ka rhunen -Lo é ve Expansion of Continuous EEG Sienal

1) EEG Sienal Model

several meËhods attempt to describe the sPectral

propeftles of the EEG, e. g. by calculating the signal power

f or narro\i{ f requency bands, or exPressed rnore Precisely by

estimatlng the spectral po!{er density. Very few and mild

assumptlons need to be made about the process 1n order to

rnake these methods appllcable, but in return the accuracy in

estlmated spectral density tends to be fairly 1ow. It is

characterlsttc of these methods that the spectral denslty

will be appïoxlmated by a latlonal functlon of 1ow order and

actually this is the essential assumptlon belng nade about

the model.

The lrlea with one of the methods, ca11ed spectral

parameter analysis, is to partition the EEG spectrum fnto

one, two or more Spectral components Such that eaCh

contrlbutes to one peak in the total spectrum. Such a

component wf11 be characterised by a few parameters '

essentially the 1ocat,lon of ¡he spectral peak, the width. of

the peak and the contrlbuÈfon it gives to the total power.

A model, which descríbes the spectral properÈies

dlrectly and in terms that come close to the usual clinical

practice using Ehe spectral EEG Paramet,ers, 1s based on a

partltlon of the spectral denslty lnto three sPectral



component s

denoted S

ca11ed

( f ), ro

delta,

(f ) and

alpha and

(f ). In aù
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beta components and

typlcal case the EoLal
ô p

spectral denstty nay be written as a sum of these comPonents

s(r) = su(f) + sd(f) + sp(r) (A-1)

Thís is shown in Figure (A-1), where two paraüeLers

describe each component, speclflca1ly, the resonance

frequency and the bandwidth. Apart from the frequency

parameÈerS, inf ormation about the por¡Ier parameEers Gô, GO, ap

is also glven in the representatlon. They indicate how much

po!{er each componenE represents. In the Figure, G

CorreSponds to Ehe Surface under each curve. FurËhermore t

the power parameters 
"o 

and np are defined and they measure

the skewnes s of each spectral comPonent around resonance

frequency.

I{e ca 11 S
ô

(f) a low-frequency component while the

oLher components are called rhythmic. These names have been

chosen Èo lndicate the close relationship between Ehese and

the actlvl-ties 1n terms of which an EEG recording Ís

corumonly descrlbed. The delta activiÈy 1s defined to be the

power below 3.5 HZ, alpha actlvity between 7'5 and L2'5 HZ

and beta act lvity above L2 .5 HZ, However, the dif ference

between activlty and spectral component should be observed '
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s (f)

d-
b

2dt

Gá

Gr

GF
2dp

fo.
çB

Fig. (A-1) Spectral cornponents of the EEG signal.

f

Y
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Whereas, for example, the alpha actlvlty ls confined to the

frequency range 7-7-12.5 HZ, the alpha component will have a

speitral_ peak and contain most of Ëhe po\{er in the same

range, buÈ w111 glve a certaln contribution to the power for

all frequencies of interesL. Hence, the partition of pouTer

between specEral activlty and sPectral components ls

different.

ExacE

needed, for

sô(f)

and for the

t-
(f)

expressions of

the ô conponent

2
õô+f.

rhythruíc components

22
r Ai(fi + ot) +

the spectral components are

the followlng holds true

(A-2 )

(A-3 )
22 2+(2for)

B. The quantitles O, and

parameters as follows:

(A-4)

hopefully

and their

I
ft,

tôoô

2

2
B.f

l-
S

f.
1

Õ.
].

B.
1

11, ¿ 2
(fi + oi f )

where I can take any notatlon d or

B.
1

may be expressed ln the sPectral

A. = 6,
1l-

ftGt

G.
1

+

IT

H

1

1

Eqns. 3 and 4 rnay

the interrelatlon

appear rather complfcated buL

between the Parameters



inËerpreËatlon aPpear more lucid when

for the autocorrelatlon functlons that

(^-2) and (A-3):

nu(r) = .ô exP (-2x oul "l )

1
(t) (G. cos 2n

The autocorrelatlon

case be wrltten as

n(r) = R.(t)
Ò
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expressions are glven

correspond to eqns.

R

(A-5 )

fr' Zrer.rl "l)"*r (-2 ro l"l) (A-6)ÏI sin 1L

for the enÈ1re slgnal- nay ln the typical

the following sum:

+ R (t) + R (t) (A-7 )
ü, p

IIence, the model truplles that the autocorrelatlon f unctlon

1s described as a sum of damped sinusoids'

The f o11_owing rable (A-1) gives a typical list of

these spectral Parameters'

C ompone nt Bandwl dt h Resonance FrequencY

ô

d.

B

oôt

6l
a

0

0

0

].0 HZ

10 HZ

o:
p

20 HZ

f.

f.

ô

d.

oHz

4.L4HZ

8-28HZf:
p

There is also a fundamental l-lmlt lrnposed by the fo11-owing

lnequal-itY
(A-8 )

which corresPonds

spectral denslÈY for

to the physical requf-renent that the

In./c, I
orlr,

each comPonent can noÈ be negatlve'
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f i ) Ka rhune n -L o éve exDans ion of Random Processes

To represent any random

terms of a seríes exPansion,

arbitrary complete orthonormal

To expand x(t) we write

set: 01(t), 0r(t),

x
1

0 (t), 0<t<T
l-

i oicr) ) l

finite energy ln

by choos ing an

(A-e)

process wíth

we start. off

x(r) L.i.n
N

v

i=1
N+@

where

T x(r) 0 (r) dt (A-10 )x.
L ].

and the limit converges in the mean-square sense' which is

def ined as

=l
o

I (",
N

Xx
i=1

2

x.
1

Lim E

N+@

The

if

.t¡re would like

E [("

set 0r(t) has to

are uncorrelated,

0 0<r(T (A-11)

be chosen such that, the coeffÍcients

i.e.,

(A-12 )

(A-13 )

n [", J m
1

m )(x
1 1 j *.)l

J
Àôi ij
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For simpltcltY we assume that 0 for all i substltuting

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

obEainlntegral, we

n.
1

À ô
1 rj n Ixrxr l 0r(t)at ôr(u)d"]

0, ( t ) at

For all i and j (A-14)

(A-14 ) may hold for all choices of i and a

iÈ ls necessary and suff lcient that the irrner

/rx(u)
o

uIJrx(t)
o

jt**(r-u) oj (u)du.T=J
o

In orde r tha t

part. lcular j 
'

íntegral equal

The functlons

numb e rs À.
1

are

worthwhfle

Àr or

À.0.(r)1J

(t) or

.TIRJx
o

(t

ô. ( E) are called eigenfunctlons and the'1

called eigenvalues. Several observations

u) 0 (u)du, 0<tcT (A-1s)j

are

2

1)- the value *i has a simpl-e physical lnterpretation' It

corresponds to the energy along the coordinate functlon

À.
l_

corresponds to t.he

along 0r(t).

2>- tf Rx(t-u) ls posttive deftnlte, the elgenfunctions form

a conpleEe orthotormal- set, and vice-versa '

2

0r(t). slnrlarly, nlxrJ

expecEed value of energY
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3)- tf R*(t-u) is

than zeto.

4)- Lf. 0r(t) and 0

positfve definite, everY trr- 1s greater

2
( t) are eigenfunctlons assoclated wlth

+S (w) + (w)
a p

(A-16)

the same elgenvalue tr, then is also

eigenfunctlon associated wlth À'

5)- the eigenf uncEions corresponding t o dtf f erent

eigenvalues are orthogonal, and there ls at rnost a

countably lnf inlte seË of elgenvalues and all are

bounded.

1aa Karhunen-Loéve ExPans f on of EEG signal

EEG signal 1s assumed to be a staElonary random signal

can be1n the interval of interest and have a sPectra thaÈ
2

of two polynomials fn w

a101(r) + a ra ,(t)

written as a

s(w) =

ratlo

sU(w)

2
N(w )

2

D(w )

S

takÍng only the delta, alpha anC beta components into
22

account. I^lhere N(w ) ís a Polynomial of order q = 4 Lt \^'

22

and D(w ) Ís a polynomlal of order p = 5 in rd . There are

tvro dÍf f erent approaches to solve the problern 1291. The

first 1s Eo convert the integral equation (A-15) to a

dtfferentlal equatlon whose solution can be found. The

solutlon 1s then substftuted back lnto the integral equatlon
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to satisfy the boundary conditions. This method lead to a

dif ferential- equat lon of the 10 th order whlch 1s very

tedfous to solve.

Knowing thaE the differential equation does not depend

expllcitly on T. This lndependence is true whenever the

signal has a rat.lona1 spectruü. Therefore the second method

to solve for t,he eigenfunctions is to start i'riËh the

integral equatlon

r 0(r) {:
(t u) 0(u)du' --(t(+- (A-17 )

xR

By use

equation

or
2

[l o1" )

There are 2P =

ofFourl.ertransformsaforma]-solutlontothls

follows lmmedlatelY:

r 0(iw) s(w) o(jw)
2

N(w )
2

D(w )

o(jw)

equatlon corresponding Èo IA-18 ] for

(corresponding to the roots of the

bracket). We denote then as Ohi(t'tr)' I

To ftnd the solutionr wê substttute

(A-18)
2

N(w )] o(jw) = o

10 homogeneous solutlons to the differential

every value of I

polynorulal in the

i îD = 10.L t . . . . t LL

10

0(t) = f, a
1=1

inÈegral equatlon and solve

that lead to a solution'

(A- 1e )

for Ehose values of À

I 0 (t,À)
hi

into the

and a
i

In fact, there ís no
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conceptual difficulties, but the procedure is tedious. This

was Lhe major reason whlch dlrected us to seelc a solution

using the real data in its discreEe form'

It is intended here to shed some 1íght on what form

these solutions may taker \{hlch will be done by

investígatfng the solutlon for any indivídua1 components '

l. e. , consfderlng the EEG slgnal consists of only one

component.

For any rhythntc conponent ' 
Eqn' (A-18 ) could be

rehrrltten as
t+2

w bw +c

where the values

parameters.

The roots of

2

= 0 (A-20 )

of b and c depends uPorì the spectral

equation (A-20 ) are

b 4c
2 (A-21 )

2 6 t
$I=

w=
2

b+ b 4c
2

+
2

Tr( f +t

\re have 3 different possibtliÈfes according to the value of

the elgenvalue l, in Eerms of the spectral parameters

(a) À
1

ÏI
1

rG ifõ

2
o. )

l-

c = Zeto

.'.W=
btb

2
Zero, b

2

*Lr2 Zexo VT ! /-b

-lTt
e

3 4

+0(È) al + uz

,

{Ét
"3

( L-22 )
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2
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1
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and ano ther

(A-21 ), this leads

-jr{ 2c
+ ãt e

+
(A-23 )

b b 4c
2

(b) r < +c(0

+c>0

2 2

'Ít (ff + oi)

therefore we have one positive root for w

negative root, which is given by equatlon

to the following soluEion

wlt -wrt jw2t
O(t) = .1 e * 

^2 
e * t3 e

b+ b 4c *z

l_

2

t1 2

Hf.
1

G.
t_

6.
l-(c) ¡' >

2

Tr. (f +
1

in this case \.ve have three posstbilities
2

i) b > 4c

Therefore the t\.Io roots for

whlch leads to the solutlon

wtt -wlt
0(r)

2

ii ) b<4c
Therefore

e= *1 e

2

w are real posit.ive t

v2t -w 2t
+

^z
+13e + a,

¿+
e (^-24 )

equation (A-21) could be relvritEen as

follows

4c
22 6 r j b

!r 2
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L/4 +3e /2
e... r^r I

and 0(Ë)

lii) 4c

+ c
2

43

2
-I 4c be = ran b

w tc
L/4 -io/2

e

will be composed of darnped sinusoíds components.
2

=þ

.'. ü7 = t /b/2

i. 0(r) (at + ^Zt)
+ (ag + aOt)e (A-2s )

Fig. (A-2) illustrates al-1 these possibilities '

Togetthevaluesoftranda'stharleadtoa

solution, substitute o(È) into the integral equation and

apply the boundarY condít ions '

For the ô component ' the solution takes the form of

sinusoids.l,29l

So,ldecanlmaglnethatthesolutioncouldtakethe

form of sinusolds, damped sinusoids, exponentials '

hyperpollc functlons, darnped llnear functlon or a sum of

these menÈioned solutions such that the solution is a stable

one and satlsfies the boundary condítions. This agrees to

some extent wlth the solutions \,ve obÈafned through using the

discrete real data, whlch are shown ln the chapter two

Figures.

*2tt1t
e



td Zeto

!fT

1

! rz

2

!I t l-t-/z
tr/

91

l/4 ie l2rc e

1 2

4
w

3

I

w

\l

t *1

t jw2

c 0

\{ = tt{ lr

\{

2

r/+-ig¡2
t C e"

l4

2

Ít=

^
0

bc

[" < b /4 c

I II III

c=0
c )0

different solutlon Possibilitíes for the

rhythrnl c comPonent '

Flgure (A-2 ) The



APPENDIX.B-

Computer Programs

l)- Program for solving the eigenvalue,eigenvector problen.

IJð fATFIV
PPO6FAI¡ TO
OF AN EEG

SOLyE fHÉ E¡6ENYALUE.E¡ SENVECïOP PFOBLETI
OUIOCORRELAT¡ON x¡ïF¡X R( t28x l2öloFlR5l

HAs IO AE COHPUTEO FORTHE OUTOCORRE
I SÊC¡ EEI' EP

lr{PLlClT
LAl¡ON IATR¡X
OCn.
FEAL.8 ( A-HrO-Zt

INTE6€.R I rCHANrUll I T ¡K¡X¡l(¡ l{lr r I Z¡ ¡ TIAX
R:ALt8 EEG(.rl2At ¡PEÊ614r ¡2blr rLEG(.r l28l
F¡EALr8 HEAN({l rVARl4l¡ACFl4r lOl¡lRl 4r lOl
FIEALe 6 ACF ta.r lOl ¡A( 128¡l2Bl rf ( l2ôr l2al rEl6Elll l28l
REALTA ACFZl at l28l ¡5SORl¡¡¡'PDS(ar 6l I

¡J
c
c
c
c

c
c
c
c

c
c
c
c

c
c
c

c
c
c

c
c
c
c

c
c
c
c
c

c
c
c
c

c
c
c
c
c
c
c
c
c

REAO
I THE

THE
TPA

FAI EEG DAfAr SCALE lT r A{D
II¡I¡¡5 SÉT EPOCH AN9 THi PPEL

E ¡I INTO 2 EPOCHS
EPOCH¡ AND 4 CHANNELS

S¿PARAT
ceD lNu

CALL SCTLSP{EEGTPEESI

SCALE THE FAT EE6 DAÍAT CALCI'LATE THE I.EAN ANO YAPIANCE'
aND SUBTRACT lHE |{EAN F¡Or1 ÎHÈ. þATA

CALL IEANVRfEEGTfEEG ¡llElN¡ YARI

CALCULATION OF THE AUTOCORRÊLAT¡ON COEFF¡C,¡ENTS IT'iE F¡RST IOI
I

CALL AUTCOR( IEE6¡ ACF r ACF I I

CALCtTLAT¡ON OF THE tOTH ORDER AtJÏOPEùRESS¡ vE r{ODEL

C^LL AUTRE6(ACFTYAR¡ AR¡6SORl

CALCITLAT¡O?{ OF lH¿ POÉEF DENSIlY SPTLTQUH USING lHE
AUTOREGRESS I Yè rOûEL

CALL SPCOEN( AR¡65ORr PDS I

CALCULAT¡O}T OF IHE T2ð OUTOCORRELAl¡ON COL,FFIC¡EI{T5 B
TAK¡NG TH¿ INVERS¿ FOUF¡¡ER IRANsFORY OF ÏHE POTER DEN
5PE CTRUI'

CALL AOICFaPgSTACFZI

FORH 
^ 

SYI'I¡hTR¡C ÛUTOCORFIEL¡T¡ON IATR¡X F¡LL¡NG
ONLY THE LTPPER HALF USINO THE l¿a COT FF ¡C IENlS

CALL SIORAG( ACF2¡ A I

DEF¡NIN6 TI{E PARAHETEfIS REOL¡REO FOR SOLYING THE
E ¡ 6EHYALUe r E I 6€NV¡Cl OF PRJBL EX
N=ïHE raART¡x RA¡ Dlrl=NSION=THE COLUl'.H DIHENSION
¡Tt Ax=TltE ¡AX¡l.U¡ ilUIBER OF TTERAT¡ONs
EP5¡TEPSZ ARE TOLÊRANCES CONTROLLINC T¡lE SOrl¡1¡ON HEIHOD
¿.PS3= TOLEFANCE DETÈRI¡N¡HG THL TEFHThAT¡gN
OF THE ¡TER^TIONs

N=l¿8
lTllAx=50
EPSI=loOOE-lO
EPSZ=l¡OOE-lO
€PS3= I o OOE-5
CALL SALAL ( A rN ¡ lf fAX o Ë,PSl ¡EP52.EP53 ¡1¡ E l 6EN l

STORING lHE EtGENYECÎORs ¡N DATa SEI Nlo t5 lF ¡1
I S NEEDEO

SITV

c
c
c
c



DO 5.J=lrl2
YR¡TE lt5rl
FORITAT I ?X¡coxl¡ nuE
st oP
ENO

sIJà ROUT I NE FoR
FPOH A 5I¡¡6LE
THE EE6 OATA A
SXEAN - åLAN OFsvA¡t - vARlAt¡CE
5886. ZEFg-I'EA

llllrJl¡l=l¡Nt
ll¡?l

CALCULAT¡NG THE I¡EAN
POC H
L, AL53 SCALETJ ANC fHErHE EEG

OF THE E.EG
N èE6 DAÍA

AN) YAR¡ANCE OF IHE E€6
H=AN sUBTRACTED OUT

a
,
ÓFa

5

c
c
c
c
c
c
c

SUBROUT¡NE SCALSP
:u939ur¡NE FOR sCAL¡NG THe EEG, aND seÐARAT¡NG tT ¡rrrs¿ EPOCHS AND ¡} CHANNELS
!f!OAf - FAr E€6 FpO¡. TH¿ Atl COÌ.{vERrEpsìFi9,- EE6 o^rA FuR rHE iniixiñe-sËrsPEE6 - EL.6 D^rr FUR ris pÈrcÈËð¡ñê eeoc¡

:!l?RpIJT¡ NE SCALsp (ScE6rSpEEG,
tt PLlC¡t FEALT6 aA_li;o-tt---'
!Erlrg SEE6{4o l28r,Sp¡Ê6ai¡tzBl
¡NTE.GEF RATDIT( lOZ4t ¡ t ¡.,,rCHÃñ-
RÊAD( 9o lO, IRATDAT( I I rl=t ¡ IOZ¡tlFOPI{ATtt6¡.'
.r= I
DO 30 l=lrl28

DO 20 ct{aN=t¡t
SPEE6I CHAN, ¡ ¡=t FArDAft Jt - ¿Oa?.St I ZO{.7o5J=., + I

coril ¡ NUE
CùNT I NIJE
J= 513
OO 50 l=t¡lZB

O[¡ 4O CHAN=t,4
5LE6( CHANr ¡ t=tRArDAl aJr-2O47.5, /ZOa7.iJ=J+l

CONT ¡ NUE
CONT I NIJE
REIURN
END

SUBROUT INE TEANVR

to

o3
zo

ao
50

c
c
c
c
c
c
c
c
c

to
20
c
c
c

g

R

5

SUAROUT ¡NE ¡EANvRtSEEGTStÉ.E6rSIEAN. SyARtlx?LtC¡T QEALoö lA_8.o_zr¡NT€GER f TCHANREAL'8 s EEG' 4 r l28 I ¡ s tcE6r I ¡ r 2d r r sr¡iAN r 4 l r sv ARr { t ¡HAraDO 5 CH^N=t¡t
SH€.Añ ( CHAr{t aO

CONT ¡ ÑUE
DO 2t) l=l r t28

DO lO CItAN=l¡¡l
sHEANICrtANt-SXEAN(CHANI+5Et 6t cHANr t ICONT¡ NUE

CONT I NUE

SU3TRACT¡OX OF TH¡ I{:AN AND HA!'X¡N6 IINOOTTNG OF THE EE6 DAIA
OO aO CHAN=I¡4. s¡EAN I CHA Nt =stEAñ a CtraN, / I ¿8

SVARICHANI=OoO
DO 30 t¡l¡l28

sEE6 I CÍÂN r I I aSEE6t CrrAN r t I -5rrõ. AN( cHAN t



30
ao

. HA¡=.54-.16rCOSl213.l4t57'{ l-l)/12'lt
srEE6(cHANr I lssEEGl cttaNr I lfHAL
svAR ( CHAÑr;5YAR iCXtx ¡ +srEEÉ{ C}lAN ¡ I lrr2

CONT ¡ NUE
CONl ¡ NtrE
F¿TUFN
END

SUBROUT ¡N¿ AUICOFI
SUBPJUT¡NE FOF CALCULAT¡Ñ6 IHE AUTOCÜRRELAlION COEFF¡CIENÌS
niÏ¡-iinou6H Rlio, FoR THE EEG gala'
ïùÈ' ci'r-cùtÃi¡ox- ¡s Þenrócr¡E! rrs¡Nú KÊr'.)ALLrs r.ElHoo

=rð¡---iuiocóRRELartoN coÊ.FFlc ¡ENT YEcroR

SuBROiJT ¡Ñõ AUTCOR ISEEGTSACFTSTCFI I
i¡,Þr-¡crr REAL.8 lA-Hro-Zl -..--iHregec t ¡J¡x¡É¡Y ¡Z¡ CHAN¡ EVoD _
FEAL.ô SEE6I 4r l28l ¡SACFl.r lOlr SACFI tar lO I
REALTa Al l28l ¡B(1281
Dú 90 CI{AN= I r 4

CALCULATTON OF fI.¿ YALUES OF AIXI AN¡J BI(I

l<= 127- |
if-levo¡¿ ¡Eo¡ ol 6oTo ¡o

CA! CuLAT f ON OF ThE CCEFF ¡ C ¡ Er{TS FOR ODD K

AlKr-All<+ll
B( ( I =B{ i +ãi +seEe¡ cHaN r K+ t I r sE E6 ( cHAN¡ K r2 I
EV BD=O
60T0 20
CONT¡NUE

CALCULAT¡OÑ OF THÊ COEFF¡C¡ENIS FOR Ê'YEN K

A( X I =A ( K+¿t +SEE6( CHAN¡ 127-K,T SEEGI CHAN¡ I Z8-K ¡

àr x ¡ =A r i +ã i +SeÈ gl CrlA N¡ K+ t I ì 5E E(' { CttAN' X + 2 |

c
c
c
c
c
c
c

c
c
c

c
c
c

lo
c
c
c

All28r=O
Al127¡=O
B¡128 l=o
B( l2?r.o
EYOD=O
OO 20 tslrl2Ó

20
Ev oo= I

C ONI ¡ NIJE
EYog= I
OO óO K=l rlO

SACF(CHANT(l=O
¡F aEYOÙ oEO¡ Ol GOTO 40

cõ c¡r-cuuet¡ox FoR ooo K

c
Y=t l2E-(-ll /2
DO 3O l=lrY

x=¡-l
Z= 2ll' + ¡
sAcF( cHA N ¡X I =SACFf CHANr ( T + I5EE6(CHANT Z I +SEE6I CHA¡{¡ Z+X + I ,

r ttisÈËcrCúex.2+ir+sEEGlcl{AN'z+Kll
30 CONT I NUE

sa cF ¡ Ciix. < t =s aCF I cHANTK l -a 
' 
( t - B( K I +sEEG I cHÂNr I 28-l< I r

I SEEGI €l{ANr l26l
€Y ODÊO
60T0 6()



c
c
c
ao

50

60
c
c
c
c

CALCULA'tON FOR €VEN X

corir I NUEfÈa126-Kt/,2
DO 50 I=try

ta=t _¡
ZcZrl4+,

' -^. ilfs:Eãîä;ll:iiiilsäÊä;ã,1lil5:lÍt"^n.2,+5sE5,¡cHAN,z+K+¡rCONT t HUE
SACFT CH¡hr( rËSACFICHAN¡( I _A t< l-Bt K IEvOO= I

CONI ¡ ÈUE

crLcuLAl¡On oF AcF HAS EEEN Ct¡r.pLElEO
c^LclrLATtoäoo[-J:io^cF us ¡NG,r]rE pRË.vrous r4EïHoo

SACFTTCHAN¡Kl¡O
zE l.¿8_ K. DO lO J=l¡Z

. :ACFllCHANrxlrSACFltCHAr{¡Kt+SÈÈ6(CHAN¡JtTSEEGtCfiANTJ
CONT IN(,E

CONTIÈI,,E
CONT ¡ NUE
RETURN
ENO

ii¡Fi!¡iiFrÊ iËrF:i;1. îl ¡ iE"Ir..Ê B, !" B ãr ER ^,rro 
RE 6REs s ¡ yE x oD EL

å äF 
" 
:^ ¡rilii ËËË'Ëi ti; igi r¡iiiçiT i iiir!,o'' 

-D,,pB r n pFocEE D,r pE

SUBROUT INE AUI
I l13i ! SIr - 

t.^.,1ãtf lli!6:ìl' "' 
5AR I 56soR I

¡ñrÈl'èË t¡rl¡X¡CHANTIHcAL.6 x ¡ f lOr, A¡t ¡Or lOt rEt ( tOt
3E^b3".iîF!Í l;,o, ; õúiRi;;: èiã; rr r or ¡ sGsoR(. r

il I i : ;;:lîli r"^n. r,/svrRrcH 
^N¡

Ëå,å¿=il;ii år 
I oK¡ ( r I ¡ rsv^pr ct{^Nr

xt a l l=o¡Ê¡-¡
DO lO .J=l¡H
aorilÍJÊ=*¡ I fr.^¡ tJ¡ t_trr5¡6¡,a"ANrr_Jr
Í¡ i:;;i;îtit.HANr t,+x¡r tt,l'tr r-r r

20 rJ=t ol.
î ilJ; ¡ t-^ ¡ (Jr t-l I +x¡( ¡ rf^¡ I ¡_Jr t_ r,
¿¿=, 

t-x¡ ¡ r r ¡Kr I r I t.Et r r_t,
J=lrlO

70
80
90

c
c
c
c
c
c
c
c

lo

20

30

AT
DO

co

(
I

N
Et I

CONT I Noo .o
ao
c
c

^_ SARaCHÂNrJt¡Al lJ, lOt
CONT ¡ NUE

CALCULAITOT¡ OF IHE 6ArN 6 FOR lHE AR }IODEL



c

c
c
c
c
c
c
c
c

50
60

c
c
c
c

SGSOR r CHAxI 'SYARI CHAN I
OO 50 (=l rlO -s6sqR ¡ ç¡1i¡¡=sGsoRl co.AN r+5AR { cHAN ¡ K I ts AcFl cHaNr Kl
CONT ¡ NtrE

cor{T I NUE
RETURN
END

SUBFOUT TXE SPCDEN
SuBF¡OuT¡NE FOR CALCULATTNG TH¿ !9!ER tr:N5¡TY sP:CfRUM
Ëãii¡¡iË FoÞ rxE t sEcoNo EÉ6-EPocHs
rHE sPECTRUt.. ts cÅr-ãüirieo-Fon rn'ouEÑC tEs FRor' F=o Hz To 30
tN 5T¡,p DF ¡5 HZ ü;i;õ'iHE AUTOREbREss¡YE SPECI'lAL EsrIHAToR
Sijo-s':' põ:ei-oEñs¡Tt sPËcrRtril Esrlt'Ar E

SUÛROUT t NE SPCOE¡ I SAR ¡ SGSOR¡ SPOS I

¡LPL¡C¡T FEALÕ8 (A-H¡t)-Zl
¡NlEGLR I ¡JrCltAN
FIEALtB l¡F¡RXAG¡IIAG
neer-.é 5ARl.¡ tõi. sesoat't TSPDSI'¡ 6l I
U=2o3o lal59f12ø
DO 30 CtlANgl¡4

F=OrO
DO 20 J=l ¡61

Rx A6= I
¡|l46=O
DO lO l=lrlO-- eH¡e=FúÃo.srr¡¡cHANr t loÛco5l frloF¡

¡xA6= ¡ l-A('+5AR( CHANr t I -Ð5 ¡ N ( Uå I ÊF I
CONÌ ¡ lruã
SP D 5 I CtlA H ¡ J I =5 6 SO R I C HA N 

' 
/ I R H I 6r R H A 6 + t t' AG ' ¡ x AG ¡

f_f+oS
CONl I NUE

CI]NT ¡ NUE
RE II,,RÑ
END

SUBROUTtN¿ AOICF fO C^LCULATE Îx¿ ACF'FRO)r THE PSO

usi¡õ lÑYERsÉ Fot/RtE¡ TRANSFoRM

SUBROT/1 tNE AOTCFTPDS rACF2l
i¡Þu¡c¡T REAL.8 (A-H'o-z¡
iEii;ã'ÀcFãiõ' Izo ¡ 'pDst¿ r ót I rACFI I I ¡l¡ 126 I

CrIAN= I
NF=127
DELT^=l¡O
DO 20 lsl¡lZB

¡ l=l-¡
C=cOS I 3o I ll 5?Õ I I /NF I
AFO=OoO
AFI-O.O
DO lO K=2o61

xK =ó3-X
eÈ z=ãrc.er t-aFo+PDs I €H AN r KK I
AFO=AF ¡
 F lcAF Z

coNll lruE
iõF i i jéx¡Hr t lrzrJELTAÕ I Pt sl çtl¡Nr I I +z ÕI lF I lc-aFo' I
¡èþåi ci¡iÑ;i i;r êr¡ f ic¡r¡ t t t/ ACF I I I cHAN r I I

CONT I NUE
IÃiiË iã,rl tAcFZrCHANrtt¡t=lrl36l
FORTAT l8lFl2¡ó.lXll
BETURN

HZ

zo
30

lo

lo

zo
a



c
c
c
c
c
c

ENO

St,åROUT ¡NE STOR^G
f HI5 SUBPOUT ¡ NE I5 FOPI' I N6 A
XAÏR ¡X FILL ¡NG ONLY ¡ T5 UPPER
¡¿8 COEFF¡C¡ENTS

SYL¡lETf.¡ C AUTOCOeFELAT¡ ON
HALF U5¡Nb ¡N T¡rAT THE

l5
lo

20
3(,

5UËROUT INE STOFAG IACF2¡ A I
¡XPL¡CtI REAL+8 ( A-H,O-Z'
REALTB ACFz( ¡}¡ l28l ¡A( tZ6¡ 126)
I}TTEGER C}tAIrr I ¡X¡ J¡N
CHAÑ= I
DO lO t=l¡128

DO 15 J-¡.¡2Ét
âl ¡ rJt=O.O

CONÎ ¡ NUE
COXT ¡ NUE
DO 30 ¡3Irl¿8

DO eO J-l¡128
x=\r-¡+l
A(¡oJr=ACF2(CHANTXI'

coNl I NUE
CONTI NUE
REIURN
ENO

SUBROUT ¡ NE SALAXI A¡N¡ IlHAX¡€P5l ¡EPSZo EPS3r I ¡ E I 6€Nl¡I{PL¡CIT
DITENSION

FEALTE I A-H ¡ O.Z I
Al I 2A¡ I 281 ¡T( I Zbc I 28 I rA I ( I lZ8 I rEl GENt t Z€,

r.AlR I x 1r CilxP{¡T€ S¡ 6ltA t AND S

c
c
c
c
c
c
c
c
c
c
c
c
c
c
c
c
c
c
c
c
c
c

c
c
c

SUBRÜUI INE SALAY
r O COXPUT E THE I I 6ENyALTTES AND ÎHË t ¡ GENVECfOpS OFA SYI{HETP¡C OUTOCOPRELAf ¡ ON XATFIX ÞY JACOBI IS HÈTHOD.
ONLY Tl.lE t/PPLR TRI AN6ULAR PIRT OF ThE {ATRt x t S USED.T ¡5 AN NX}r ORIHoGoNAL TATRIX¡BEIN6 rh= PRoDUcr oÈ_ixeSEOUENCE OF lRANSFORXAI¡ON tJATRË.CtE5 ¡JSED TO ÀNN¡H¡LAIESUCCESSIVELY THL OFF.D¡A6J}rÅL ELEI.ENTS oF A rANJ
CONSEOUENTLY ÍO R'DUCE A T¡IERATIVELY IO NEAR-D¡A6ONALFOFII¡¡ S¡G¡AI ANO S¡Gl.A2 ARr THE VALUE5 OF S¡CÑAL-¡(¡¡IIrI2BEFORÊ AND AFTER ONE COXPLEIE ¡TERAT I OY. S¡HCE AÑN¡H tiT¡ OH_OF AN ELEXENT T.AY cAusE AI.OTHER ALREAí¡Y-ANTi¡HILATEó ELE'.(ENT
I9-I5S9ÉE A NON.Z-RO VALUcTTHÈ ¡TÈR¡T ¡yE PROcESS ¡s REPE¡TED
UNT ¡L THE CONVERGENCE TEST rS P^SSEO( ¡-5¡EVÀ iTSigiIZ¡ LESS,T}tAN ¡EP53¡ OR ITI.l^X ¡ 5 EXCEEDEL¡ EP5r ¡S COiPÃEEO T¡ritAtlrll-AlJrJrt TO DETERx¡NE IHL tE¡rrUDE OF COxUTI¡ro fXecoslNÃ A'.c s¡NE oF T'{E RûT^T¡trN ANGLE. IHEN A HAs B¿EN REDUCEO

'O 
DIAGONAL FORIr THE E¡6EÌtV^LULS Y¡LL BE rOÙXO-I¡¡-i¡¿O¡TGONAL INÞ ARE 5AYED IN E¡6EN( ¡I AFEAY¡ rXE ÃSSCiCi¡iEOEl('ENvECIORS ARË. lN COF¡RESPONL'tr{6 CtjLvxNS OF TB¿ ¡iñ¡r_

TR¡NSFORT.AI¡ ON üATR¡x T.

SET UP ¡N¡T¡AL
DO I l=l¡N

¿
4

DO 2 ./=lrN.Tl l¡Jl=OoO
coNf I NUE

CONf¡ NUE
ñlrlt¡-¡
lRlfE f 6¡2OOl X¡llHAXrEPSl TEPSZTEPS3S¡61{At= O¡O
OFFD50- O¡O
DO 3 l-t¡N

S ¡ 6LA ¡=S tGHAllA( I o t t¡r2



c
c
c

7
5
6
c
c
c

lo
c
c
c

T( I ¡l l=l¡O
lPlG¡ +l
lF I lo6E¡Nl 60 TO 6
DO ? .J=IPl¡N

OFFDSq=OFFDSO+A { I ¡ J I tr2
CONIINUE

CtNTI Nt E
s=z¡oroFFDS0+5l6rAt

3=G ¡N JACOb ¡ I TERAT I ÛN

DO 26 ITEP =l¡ lTl{AX
DO 20 l=lrNlll

lP¡=¡+l
DO 22 J=lPl rN

q=OABSIA¡ ¡ ¡ I I -A ( .l r J I t

COI{PUTE S¡NE ANO COS¡I{E OF FOIAÍ¡ON ÄN6LE

¡F lO ¡-Eo EP5¡l 60 TO 9
¡F ¡DABS( A( ¡ .Jl I ¡LE.EPsZl 60
P =?.OlA( I r Jl'g/lA( lr ll-Al lrJ
SPO =OSt¿Rl a PrP+O tO I
CSA =D5.¡FTt t ¡.O+O/5P¿r/2.O1
5¡¡ =P/(2.0'CSATSPÚl
GO TO ¡O
CS^ = ¡.O/DSOFtTl2o Ot'¡Ol
st{a =csA
CONT ¡ NUE

UPOATE COLUI'NS ¡ AND J OF T -

DO l¡ K=lrN
HOLDKI =T(K¡ll
T( Kr I l=rlOLOK ¡ rCSA+T¡ (' J l'SNA
T( K ¡J I sHOLOK I ]5NA-TlK r J I rCSA

COHT ¡ NUE

COT.PUTE ñ-r ELEIENf S OF A ¡ri COLUI'NS I r 'J

10 22
t¡

9

It
c
c
c

t4
l5

DO ¡6 K
lF I
A¡K(
A( I ¡
lF I
Al.l¡
GL¡ T
XûLO
A(lr

lr
r6
=A
=(
NE

l6

=((t
(l
fo
xl
3
IK
K)

N
T.Jr 60 To ¡5
{l¡Kl
SArl lKlKl+SNATA(K¡Jl
¡Jl 6O lO lô
sNA. A lKaK¡ -c5^ra I JrK I

All¡l(l
=Ç$lrl1oLDt K+ SNAra( J¡ ( I

60 TO ¡A

tó
c
C C Ora PtrT E
c

cc rHEra x
c

A( Jr Kl =sHA.hOLO¡K-CSÀrA (J r K I

CONT ¡ NUE

X¿L ELETENTS OF A ¡N COLUXNS t'J

A ¡xl Jt=5NAfa l(l I l-CSArAl( ¡ J I

TI{AN II5 LARCER

DO¡
¡
9 x=l
F I K¡

rJ
LE.ll

l8

A ( K¡ Jt =5rrArA ¡Ka Xl-CSA¡ Al Xr Jl
60 To 19
HOLOKI ¡AlK¡ I I
A l( ¡ I t-CSATHOLDKI +SilArAl X¡ J I



l9
A lK r Jl TSXATHDLCX I -CSATA( (¡rt I

CONT ¡ T{UE
ltl¡Jt=OoC

COHT I NUE
coril¡ NUE

rtNq_st6HA2 FOR IRANSFORT{ED A AND TESr FOR CONvEp-GBI{CEorr¡o

S I GIA 2=O. O
OO ¿¡ l=l rN

E¡6ENf¡t -Attilt
S¡ 6ltA¿=S¡ 6{AA+E ¡GEN{ ¡ trö a

CONT I NUE
lF lloO-S¡Gr.A¡lStGt{AZrGE.EpS3, 6O TO Z5CALL PEAPF ITTEIbEN¡TTEI6ENI
fR¡TE I6¡2O4' ¡7ER¡SIGHA2¡5INtR¡TE tó¡201t lE¡6ENalt¡l=IrNt
YRITE lór2O6l
Do ¿a J=lrl{
rRllE t6¡2Olt tT( lr.,ttrlslrNt
CONT ¡ N UE
60 TO 20s
IRIlE ¡ó, 2()2 t lrER r5l6X Al rS tGr{A2

CONT¡ Nt/E

lI€P EXCEEOS tÌfAX xO CDNVERGENCE¡¡.

!!IIq l6rZO3l ¡TÉR¡ScStGr.A!.StGyA¿
OD ¿? l=t¡ñ

IR¡YE t6¡2(,lt lA(I¡JlrJ=l¡Nl
CONT ¡ NUE
IR¡TE ¡Ó
oo ¿8 t-

IP¡ 1E
CONT ¡ NUE
G{J ÏO EO

FORt{ATS

AI{D IHg
OF DER

CORPESPOHO¡ N6

2z
zo
c
c
c
c

26
cc ¡F
c

2t

24
25

z7

2a

c
c
c
200

20t
202

¡2Q71
l¡N

l6¡ 2O I I lll I rJl ¡.J=l¡Nl

a

, FORHAT llHt¡tXró5H DETERàtlr¡Al¡úar ùF E¡6ENyALUES By. JACOS¡ rS ¡EIHOD¡t_lTftllHOr6x, ¡Or N c¡i¿l ---t ?X¡tOH tTraAx - tt. / Zx,iox-ËÈs¡ -,etZ;ái-Õ ?x¡ toH Eps¿ - lgE r21 3' 7x.¡ oH ÈÞs3 - -;;Ël'Z.lttx tFORr.Af l?X¡ IOF¡ t.?,FORI¡AT llHO¡6X¡tOH_¡TER ¡¡l5olOx¡lOH S¡GHA¡ .rFlO.S,
' IOX¡ IOH SI6HA¿ -¡FlO¡51

FORxAT I lHOrrXr2lH NO CONyEFt(rgNCEo alÍH// 7Xtr loH ITER .!!5r5X¡lOH S =¡Ftoo5¡5xrloH 5tGþAl =¡,r FlOo515XrlOH S¡6l|AZ -¡FlOo5/ti t
- _FoRt AT tlHo¡tXr 3lr{ coNy¿p6EtrcE ies occunnED¡ u¡TH/lHO.. óXrtOH llEFl ¡¡ l5¡5X¡toH SlOxrZ =,FiO:5,ãi:I tOH S ¡tFlO¡5¡5X¡lOH N =rtsllHoro !Ir36H E¡GENvALUES Et6LNt lt oo¡Et6ENtñ-r-irË7ix rFoR¡AT rrHo'.xr ?tH E¡('ENvEcrons-Ãne ix"iõÍ¡nËspoxc¡nc nrysE OF IHE FOLLO¡¡NG T T.ATRIX/LH 

'FOFI|^Î I lHOoôXr ¿.H T}¡E CUftRENT T XATRf X ¡SltH ,

RETI/RN
EÌ{O

C SUBROUTTNE REARRANGE
C IO APFAÌIG€, IHE êI6ENVALUESC E¡GET{VALUES ¡N DESCEND¡NG

203

2Oo

¿o6

zo?
c
2 oa



50
60
?o

SUBROT/Î ¡nE FEAPF¡ fTr E lG¡ T¡ El6Elll
tLPL¡ClT REALT6 ( A-H rO-Zl
órxËñiiox i r iza' I 281 ¡ Et 6EN I I 28 I r TTI lz8' t 281 ¡ E lGl I ¿81
N=12ô
X=OoO
Y=O.O
Z=o. o
S=g¡ O
NN= t*- t
DO ?O J=lrt{N

1{ NNg N-J
DO óO ¡=l rNNN

tFlEl6¡Jte6T.E¡Gf J+lll 6t¡ 1O 60
X=El6lJ+¡l
Y=E¡61., I
E IGEN( J¡=X
E ¡GENI J+ I ISY
Dl) 50 ll=lrN

Z=TTl I I oJl
5=TTf ¡trJ+l I
Tl I lrJl=S
l(ll¡J+ll=Z

CONT ¡ NUÈ
CONT ¡ NUE

CONÏ I NUE
PE TT,PÑ
END

¡EN TR Y
/t



THIS program is associated with the previous one,

'-program to reconstruct'the EEG signal.

¡JO
c
CPcA
c

t
5
c
c
c

B TATF¡Y

Þo6RrH To REcoNslRucr rHE s¡6NAL
r+o-fc, coxpuie THÉ ERRoR RESULTED

READ THE RA¡ ÊEG OATATSCALE
I TTIE TRAITTtN6 S¿T EPOCH AilD

CALL SCALSP( EËGr PêE6 t

ust r{6 rnE
FROI' THE

XLE RANDONT¡ COEFF I o

^ 
PPROX ¡ I¡AT I ON

¡xPL¡ClT REALTS t A-HrO-Zl
ftTEGEF I rCHAN
n¿Är-;a eeéir.rzal oPEÉ61 4¡126t r lEË6( tr l2ôt ¡llEANl'l rvaR( tl
eErLrg 1f l26r r 2gt rERROef I 2Al

c
c
c
c

c
c
c
c

lï¡
fHE

AND SÊTARATE tT ¡NTO 2
PRECÈÊ) tN6 EÞccHl 

^No

EPOCHS
ô CHANN=LS

SCALE 1}TE RAI EE6 DATAI CALCULATE-THL
rÑri-suálnrcl rHE HEAN FRo¡l THE t''AYA

CALL LEANYRI EÊ6r¡EE(¡ ¡XEAN¡YAR)
N= l ?,8
DD 5 J¡lrt26
ÞÈro tt¡.e¡ lrllrJl¡l=l¡t{l
FgRåAT l?XróFlloTl
CO,rT ¡ trUE

aEcoÑilRú¿ifxe rxe EEG sl('NfL aND couPu
ù:¿;iip'¡ie-iiÈ ror^L rEAN souARc ÈFrPcR

CALL 6Al.¡Ll T rttr tEÊG¡ EFRORI
SI OP
ETTD

C SUBROUTINE S€AL5P
¿ ;uãfiõuiiñe ron õtru¡¡a rHE EEGr AND sÊ'ARATTNG ¡r lNro
è ã epocxs AND. cHAr{NELs
ã ãribÃi": ijiv ee ð Faor. r?{E aL coNYEårEFs
¿ sËËe - EEG DAIA FrR rHE rnll!!NG-sEr
È ÉËËãe --EÈe-6Áïr ron rHL PREcåELilNG EPacH- -' --õuanõ¡,rt t¡e scALgPlsEEGrsPLEGl

¡HPL¡C¡T ReALTB lA-HrO-Zl
nEeUre SEEGf 4. l2ôl ¡5PEEGl 4 rl28l
lÑTEGLR R^rDAr ( to2.r I !'9'ÇHfÌ
àerõl¡o' to¡ lR^¡)ATl t l¡ l-lrlo2.rl

lo FOPLATtIó¡41
.r= I
DO 30 l-lrl28

DO 20 CHAN=I''
spEÊõ¡ ëri¡r. t rt¡ FArDAll J r - 20'7o5 t' 2r¡47' 5

rr=J+ I
EO COhT ¡ NUE
30 CCNT I NUE

J=5t3
OO 50 t-lrl?8

OO aO CHIN= I .4
sEE6¡ êirÑ' i l=t a¡vDrT I Jl-2oa7' 5t / 2o'7 c 5

¡ro
ão

.rÉ\r+ ¡
COXT ¡ NUE

coNl ¡ NUE
RETU¡IN
END

SUBRStJT ¡NÊ ÉEANYR
SUBROUT tÎ{L FOR CALCULAÍ ¡ NC lHE l4¿AN ÂND vAR ¡ AÑCE OF lltE EEG

FROI. A SIñ6LE EPOCH
TI{E EE6 DAl^ APts ¡L'SO SCr¡-CD ANÞ T'IL, I{E^N SUBTFACTED OUT

S¡EAN - ILAX Of lHE EEG
SVÃN . VAFTANCE OF THE EEG

F EAN T ND YAR I ANCET

llN
OF

G THE ERROR
IHE APPROXI XAT ION

c
c
c
c
C
c



c
c

SYEE6 - ZEAO.XEIN EE6 DATA

gl?pFpll r NE_ rE^Nv e I sEE 6. 5 I EE6 r5llEA N ¡ SyA Fr I¡t¡PLlClT REALTe tA-H.O-Zt
¡NTEGER tTCHAN
FEALoB SÊêGl 4¡ l28t r5UEE6( 4 ¡ I 28 I ¡ SFitÂN( 4 I ¡.SV AR ( ef r HAHDO 5 CHAN=IoO

S¡E N¡CttAñt=O
CONI ¡ NUE
DO 2() l=lrl28

OO tO CHIN=l¡l
srEAN ( CËANt =S¡E AN( C}rAN t+sEg Gt cHAN r t Icoht I NUE

CONT I NUE

SUBTRACT¡ON OF T}t- r.EAN

DO ¡O Cl{ÂN=l¡4
Sr EAN I CHANT =StEAN t CH^N t./l ¿s
SYAR(CHAt{¡=O.O
DO 30 l=lrl28

SIEEGICt{ANr I l=SEE6(CHAN¡ t t-SxEAN( CHAN¡
, 9vAR(CttANr=syARtchANt+SiEE6tClrANr I lr.¿coht ¡ NUE

CONT ¡ NUE
PE IUFN
END

STJB¡IOI/TINE 6AT'IL FOR CALCULAT¡NC rHL ERRORANÐ FECOXSTFUCTI'{6 Ii{E SIGTIAL

SUBROUl tNE 6A'I¡LI T¡N¡ TEEGr ERFIORIlt PLlclT REALIa (^-Hro-2,
D¡XENStON lt r¿s,t¿s, rrEÊGt a¡ l28t,ERROtra t28,D¡rENSlON SOXEI t¿8, r A ¡l(l t 26t oËRÊ,pÊQ I I ¿8¡¡NIEGER t rkrJrCHtNr ¡ER
cHAN= I
DO lO t-l¡N

AlXll t-O¡O
CONT I NUE
DO 20 l-lrl¡

K=I
DO 30 J-t rNl¡x I I l-A¡Kl I t+TtJrK rrtEE6tctilNr Jt
COT{T ¡ NUE

c or{1 ¡ NUE
PRINT rlAlK( Itrl-lrtJt

6ENCPAlE THE APPRT¡X¡IATÀD YECTOR UAIA
DO aO JelrN

SOl|E¡ Jl80.O
coñt I iruE
DO 6() t-l rN

OO !O Jrlo5O
SOIE( | l=SOLEl I t +Y a ¡ eJt rA tXt .jt

CONl I N(rE
CONI I NUE

CTLCULAlE IHE ERROP UECfOP

¡o
20
c
c
c

30
ao

c
c
e
c

c
c
c

lo

30
20

ao

30
óo
c
c
c

ERRH 58O
ÏEriG ao
oo?ot

¡O
oO
-lol{



ERROR( ¡ l=UEE6( CHAr{, ¡ ,
ERRPERI I t=ERROR a I I /tE
ERR HS =EftRllS +ERROR I t IÏEN(r .TEN60rEE6 I CHANr
TINUE
5PC= I E RRMS/TEN(' t.t OO1E ló¡ tOOl

-SOug¡ ¡ ¡
EGICHAN ¡ I II.2
I l.t 270 COr,l

ER¡
UR¡
¡R¡lE l6'60, l:RROR(l l¡t=l¡NtlRllE l6rllOt
IR¡TE {6r8Ot aëRFtpER¡ tl¡ I=lrNt

80
90

loo
I ¡o

fr

I Et 4.6
HO¡6Xr

3t
t I ¡ ¡lX r
Hlr¡lX¡

IRITE l6r
FOPX^T t a
FORYAT I T.?X¡ IOH TENG
F OR'{AT I I
FORI{AT ( I
REIURN
END

9O, ERRxS¡TEN6¡ERLSPC
r lX
loH
Etô
20{
3lr

,t
eRFlrS =tel4.6/o6/ T}irlOH ERI¡5PC =¡Fl2¿6/lHlHE ERROR VECfOP ¡Sl¡H IÏHE PEhC¿NTA9E I,RROR VEClOR

I

¡sltH t



2)- Progr4m to imp-Ie¡.ent the FAN INTERPOLATOR.

L

c
c
c
c
c
c

c
c
c
c

c'
c
c
c

c
c
c

c
c
c

c
c
c

PRO6RAx IO tlPLElÉNT Tl{E FAN-l!TEÊPOLAfOR¡
tËËõì3ipüõr- ïir¿-5îôx¡i -Fpox rlrE- sroR¿ú PARAT'
iiõ-;õ'èÃùêuieie iir nesu¡-rED EfRgl:¡rH lHE
xlix-õoùäiÈ Ennon oF lHE aPFRox¡å41¡oN '
FìÃ3r-.iie-siex¡t- xrs lo BE scaLED AND To BE

OF A ZERO IIE A}T'-¡ÑîEõrn- i'CHANTUN tT ¡ (¡NoIf l28l rrM
REALa EEG(t¡ râá¡'eE¿cir' r 28t ¡rEf É ( I r I zBt'ERRPER( I ¿81

REAL6 
'.EANI 

r¡. tÃai iI.i¡ i ão¡'rpp¡ r 2ô t TERRoR( I 2ô |

TO
ET EPS

TOTAL

PEAD
I THE

THE FAr €'EG DATAr SCALE
fRA¡N¡NG SBI EPOCH âND

GALL scaLsPlEE6¡PEE6l

Ilr
THE

AND SEPAFIaTE ¡T lNTu 2
PRECËgD¡N6 EPOCdI ANO

EPOCHS
4 CHANN:L S

SCALE lHE RA¡ EE6 DAfAr GALGULÂIç-T}iE rEAN AND YARIANCE¡
iñô-õusiR¡cr rHE å€a¡r FRox TltE DATA

CALL tIEANYFI EEGr I EE6r XEAN¡ YARI

CALCULAIE THE STRAt6FIT ctNE PARI'¿TERES TO BE STOFIEDo

CALL ST F¡ NT I U¿E6¡ A ¡ lr !

RECONSTRUCT THE S¡6NALTFIND THE APPRox¡r¡aTED 5l6NALo

CALL RECONS(A¡ll¡APPI

CALCULATE ÏHE ERROR yECTÛR rAND THE ¡ÉAN SOUARE ERRoR

N=128
CHANT I
ER R X5 =OoTEN6 =O.
DO 70 l=

EPPOF
E RRPE
ERRX 5
TEN6

COT{T ¡ NUE s/fENGlrtoo
t

aERRORa I t¡ l= I rNl
I

tEFI¡IPER(llrl=lrNl
ERRY 5 r I EN6 ¡ ERlaSPC

o
o
lrN
i il=leeCtÇHANr¡ l-APPI¡ I
ni i ¡;Ecnon .l t /tLi-G (cHAN' ¡ ¡

=Ènnvs+=RRoRll lrt2
=TÈx<t+ ¡EEGI cHANr I l 'Õ2

?o

8()
90

ER¡5PC= IERRX

loo
¡ to

IR¡TE
UE¡TE
IRITE
fR¡TE
IR¡TË
FORXAT
FOPx A¡

t?XrlOH
F OR¡ AT
F ORÍA T

STOP
ENO

t 6r IOO
ló¡ôOl
( 6o I lO
l6r6Ol
l6¡9Ol
tSlEta.órlXll
i iiõ. oX. t OH E RRXS = 2f 14t 6f
ìË'Fiõ' -"-1.¿rÃ .6/ ?x¡lox ERrÞpÇ^ -?.'.Ftz'6/tH t
iiiìi'ox.zöÉ-rxe ERRùR vEcTuR lsllH 

'ii¡ii:al;ãii rx¿ eiCc¿Hr¡ee ER'ìoF YÉcroP lsllH

c
c
c
c
c
c
c

SUBROUT TNg. SCALSP
SUBPOUTTNE FOP SCALtNG THE EEGr AND SEPARAT¡NG
Z EPOCHS AND 4 CHANNELS
ã¡ib¡i'-: çri ¿ee FRú--ir¡r er; coNv:RrERs
i-ËËõ-: ee<, óeiÃ FoR rHE rR^¡N!!9-lç1
!iÞËËo --ËÈe-oeie rúp iia enrceE&lNG EP3cH-' --it anõur¡ñi scer-sPlsEê6rsPl'çGl.

nE'lr-a sEEG(4'128t'SPEeGl+: !?91
iñieõeã-nÃuD^r{ lo2'l r I ¡'r¡ çH1!^.
ÈEroiio, lo¡ ¡RAr)AT( t lrl=l rlo24t

¡T TNTO



lo

20
30

a

FORrAÌltó¡aD
J=¡
DO 30 l-l¡128

DO ¡O Ct{AH= I . a-- SPEEG¡Ct{AN ¡ t t=l RA IOAT¡ J r - 2O¡}?'5 I l20'7 o 5
JsJ+ ¡

COñT ¡ N¡JE
CONT ¡ NUE
J= 513
DO 50 l¡lrtZB

DO aO CHA ll= I r ¡l-- iÉeðïêxAio I t =f RATDAT ( Jt-2t¡ô 7t 5t f ?o'7 o 5
¡r=J+¡

CONÏ ¡ NUE
ç¡¡1 | NLrE
Ê:TURN
END

40
5()

5

c
c
c
c
c
c
c
c
c

lo
20
c
c
c

FROM A SIN6LE EPOCH
i¡E eÊg oATA ARE aLso scALEc
S{EAN - llEAN OF THE EEG
SVTP - YAFTANCE OF TH¿ LEG
õ¡Èee - zLRo-r{EAN EEG oATA

sUBEOUT INL XEANVR
éÚãriõuiiÑt róP cALcuL^r¡NG ÏHE I{EAN

AND THE

Al'¡D VÀR t ANCE OF TrlE EEG

I¡EAN S UBT R AC TE{, O UT

St/èROLT INE LEtNVR I 5Ei 6r SYEE6'Sl{EA Nr SYAR I

¡NIEGLF lrcHAN S'EAÌ{(4, ¡sYAR(4,nËÀIe-beÈèle'l 28t r stEE6l r ¡ l2ôl r

OO 5 CHAN=I¡4
SxEANICHANI=O

COITT I NUE
DO ¿O l=l¡128

DU IO CHAN= l r Ô
SHEAN I CHÀÑi =$rlE At{ I CHAN I +SEE6l CHANr I I

CONÏ ¡ ñUE
CONT ¡ NUE

SUBÎRACTIDN OF THE IIEAN

DO aO CHAN=I ra-- sxE¡Ñl 6¡'¡l¡¡=5t{ÊAN I cHAN l/l zB
SVÂRl CHANI=g¡O
DO 30 l=l¡l2t¡

5UEE6¡ CriÅÑ' ¡ I =5 EEGt CHÂN ¡ t l -5H¿AN ¡ Ci{ At'¡ I

svAR ( cxr¡ìilivlãic¡¡r. I +s¡ËE6{ chANr I I rr2
30
ao

CONÏ I NUE
CONT I NUE
RETURN
END

c
c
c
c
c
c
c
c

c

c

SUBPOUT¡NE sTP¡Nf
iõ-¿iiöul¡rË'rúe PAR{ ErERis oF rHE-L I NE

iI¡ õx- IpÞRo¡ ¡r.ATEs rHE EEG slc!a! EPoc¡{¡
Ã=-Ã vÈcroR usEo io sror<q rHE END-PolNÏs
l= ¡ ùË¿iõÈ u5Eó io 5iÓnr rHE NUHBEFi ¡1tr

L ¡NE

5UBROUT¡NE 5fR¡NT tfEÊ6¡A'!l- . -

óit{É.ÑlióÑ ei l28l ¡ r{t I 28t ¡vEE6(4rlzôl

5E6HENT5

OF THE
sAnPLES

LINE.
FOÂ EACH I ÑDY I DUA

CH AN= I
AS AN EXAI'PLE THE lOLERANCE ¡S SËT TÙ TTAVE CERTA¡N VALUE

. DELTA=SOrOOE-O3



J=l
Jl-J+l
J2-,J
J3-J- ¡
¡ I =.r+ IN=126
DO 2() l-ZoN

I ¡=l I +l
lr¡11.6Ì.N, 60 10
S=UEE6lç6¡nr l¡ l-UE
K-J+ I
0o lo ¡¡=xr I

x2=K I -.J
X3=Il-J
3õ=rEeCt CHArt¡K t l-( lx¿rS' /x3 t 

-irròÃÈsr ss¡.uE.eELrAt 60 ro lo
lr¡¡.eo.Nl ll(Lr=?çJz
âl JZ I = réE 6l CHA N ¡ J I
AI.J2+ I'=¡EE6I CHANT I I
!alJll=¡-J3
J=¡
J¡=Jl+l
.rZ=.r2+ I
¡l=l+¡
.r3= ¡
c€ TO eO

CONl T NUE
¡F¡¡.EQoNl 6tl To 2l

CONT ¡ NUE
l. lll=2ÕJl

I =fEEG( c
G
HANoJI
tctAr{¡ll+l

¡ ¡l{
t ¡A
I DELl
tOl l3¡
12.6r I
r ól

lr
EG(CHAN¡Jl

to¡¡
?o
zl

AI J¿
A¡ J2

30
3l
3Z

L(Jl¡=
IR¡TE
rRITE
rP¡fE
FORI' AT
FO RIA T
FORTAT
FETI Fli
ENO

SUBROUT ¡ NE RECONS
;õ-äË¿öiì;iptci-i¡¿ Ë¿(' s ¡ .'NÀL FP3{ 1¡'-
P AR AX ETER 5
i;;-:i;Ë-ÃPPRox¡ r.^rED I REcoNslRIJcTE{' I

SITBPOIJT ¡Ni PECONS I A¡ l{r APPI
õi;Ë.ñã ióñ-rr lãer' x t I 281 raPP' ¡28)
N=lllllZ
K2= I
Kl=o
DO 20 l¡2¡N

K=tall ¡+Kl
SS=A(¡-ll
6ô=A¡ ¡ 

'ZZ=BB-SS
OO ¡O r,l=K2rX

x3=J-K 2
X4 ÈK-K 2
APP f J ¡ =S5Ò( lK3t ZZI /K1l

. CONT ¡ NUE
xl=K
x2ÊK

Ê TEE
-.r3
ó¡ 3O
6¡31
6t 32
( lx.(a(F
r E ta

lllrl=lrJll
ì i i. i=i..¡i l.¡ u€'EGl cHAtrr I I r I = l¡N )

A
txl I
x!¡

c
c
c
c
c
c

L I NÉ S:úITENTS

S IGNAL

to



2() CONT¡NUE- rRtTEló¡3Ot lAPPlJl r
!O FO¡IAr (ôlFle'6'lXll

. FETUFN
ENÐ

¡ENTR V

t.

J=lrtZôD



3)- Program for implenenting'the least-square error interpolatorr
¡J
c
c
c
c
c
c

c
c
c
c
c
c
c

OB IAfF ¡ VFãoõÞÅl'is ¡lpLEtrent A FtRsr oFDER ¡NrEFPI¡LAloR uslNG
¡X¿ lcesr SqUA.iE ERkùl CR¡TER¡ON ¡N F¡TT¡NG Trr¿ LtNiS¡
iiiH-i¿éoxsinrrCr fhE St6r{ÀL Ff.Or¡ T}tÈ slRA¡6HT L ¡NE PaRaHETERS
iÑó cr[èuIAIE ThE NiSUU¡èD ERROK AN¡J ' {E TC,TAL ilE^N SOUAhE ERROR
JF TH¿ APPFOXIIIAÏION¡
f¡nSr fHE DATA HAS TO BE 5CALED ANU TÛ ðE OF ZERO xEANo

INTEGTR I rC¡tAN¡K¡ Nrl'l 25ol ¡llt¡
ne rtð EE (¡{ 4¡ I èdl r PE5 6 (.¡ r I Z8I r.tËE('I I . I ¿ðl ¡ Í tIQPE RI ¡ lAI
FÈALð t ÈAttlaI¡YAPtal ¡af 25ót¡aPPlI28I¡EFFoPI IZóI

c
c
c
c

c
c
c
c

c
c
c

c
c
c
c

c
c
c

SCAL

R:AD THE ÊAr EEG DITAoSCILE lT¡
¡¡HE TT'A¡N¡h6 SET EPOC}T ANÞ THE

CALL 5C^L5PIEÈ6.PEE6¡

^ND

Ê THE RA¡ EEG DATÀ¡ CALCuLATE lHa L¿AN ANi VAAIAI'¡C[¡
Si/BTFACT THå LEAñ FFOI4 Tllts OATA

CALL XEANVRI EÊ6¡lEE6¡l{ElNr VARI

CALCIJLATE llrE L ¡NE SEGLENT5 PARArlcÏLF5¡

CALL 5T Rl NT ( rÈ86¡ A ¡ l{ ¡ llll )

RECONSTRT,CT THE EE6 EÊOCH IJSING THE SfJFEO
PAR ABElERS

CALL RECt¡NS( A¡ IrlÍr lPPt
CALCT/LAIE flrE ERFÌOF YECTOR¡ANO THe TÙf AL XEAN SOUARE ERROR

¡{= ¡ 28
CHAN=I
EFRt{5= O¡ O
lEXG =O¡ O
DO 70 l=lrN

ER¡rOR I ¡ I =rEE6l CHAN r I t-APPa l,
eFFPEF ¡ I l=ÉRFOPI I l rYEeGl CHAllo I I
ERRt 5 =t,Rf,ìx5+ERRORII ¡ItZ
1E116 ITEN5+UEE6{ CHANr t I or2

CONT ¡ NI/E
rFllSPC= I EFP| S/TEÌ{G, ¡ I OO

ANO SiPARATE ¡I ¡'ITIJ E E,PSCHS
PREC-¿OIlib EPJCHI AND 

' 
CHANNS-5

a

L ITE SE6I{E NTs

70

URI
IR¡
TR¡
IP¡
URI
FOF¡I'AT
F OrlraA T

o?X ¡ IOH
FORI{AT
FORxAI
sl oP
END

1E ( ór IOO I
l6 r 80 I IERRORI I l¡ l= I rN I
I ó ¡ t t Ol
l6¡ôOf aEFPPER( I I o l-l ¡t{l
(ó ¡9Ol ¿RRlSelENGrERxSPC
lA{Elr.6¡lXll
¡ t xõ. Ox. iOx e nnxs 3tE 14. 6/
tËi¡('- - -i.Ètð.6, 7\o loH ERrrsPC =¡F l2¡6tlH I
I lHlo.Xr2OH IHE LRRBR YECTOR !9/lH ¡

i rx¡ t ¡xi¡tH f ËE PERCE¡¡TA6: ã RRo,r Yccf oFl lsl lH

IT t}tto

ÌE
IE
TE
IE

ao
90

loo
¡ to

5tJBROvT ¡ñE SCALSP
JUðRJUT tNC FOR SCAL tT{ú T}IÊ EEGT AND 5LPA'TAT ¡N(,
¿ EPOCHS AÑþ. CñAltñ¿Ls
RA¡DAI - FAT LEG FROX THE AT CONVíFI¡ER5
SEEú - EãG 9ATA FOR frl¿ lrlA¡N¡N(' SET
iPEE6 . ¿L6 DAT A FOK lHE PRLCLË'O¡NG EPf CIT

SUgROtTT tNE SCALSP( 5EÉb' 5PÉ.EGl
RÈ.ALA SEÊ61 e ¡l 381 ¡ SPÈEGl{ r l2El



to
¡rrTE6ÊR RArÞAT( ¡O241 r t¡JrCHl N

i¿¡o¡lo, tol {eA¡ùATl I l¡l=l tl02+l
FoRt Âl (t6¡4¡
J=l
D0 30 l¡trlZ8

OO 20 CHAN=t¡¡l
SPEE6( GHANr ¡ I =t FArDAll Jt - 2O'7¡ 5l l?Oa7' 5

rrrJt¡
CONT ¡ NUE

Ct¡NT ¡ NlrE
J=513
DO 50 l¡l¡128' OO ¡to CllaN=lre-- ieeõrCx¿Ñ. ¡ l=lPArLATrJl-¿o47¿ 5t /20'7t5

J=J+t
CONT ¡ NUE

CONT I ìrUE
RE llJFtr
ENC

eo
3()

ôo
50

c
c
c
c
c
c
c
c
c

SUBFIUUT ¡ N¿ XEANY R

ãrrãeotrr ixe ron cALGULAT I t{G IHE LcaN
FROr. A S¡ lrGLE Ë,POCll
ïi¿ eec-ó¡tr en: ALso scALEc AND THE
SI'E^N - åLAN OF lHE EÉ6
SVAR - YAR¡ANCE OF THE EE6
s¡EE6 - ZERU.XEAN EE6 DATA

AHD Y^FTANCE OF lXL EEG

X=AN SUBTRACTEO OUT

é(' DATA OF
T ÚF SqUAKES ERROR
oR EACrr 5Ê6t Eñt

èACH 5E6raENT.

5

SUBFIÙu1 ¡ Ñs l.EAÑYR ( 5Ee(¡¡ 5 lEEb rSrLAN¡ SYAR I
¡ñTEGER I ¡CHAN
nÊÀua-iEÈci ¡, i¿el ¡ 5rÊè6( a r l28l r sniAN( 4 l' sv AR l 4'
DO 5 CHAN=Ir4

SÉLAN I CHAN l=O
CONTINtTE
Do 20 l=l¡128

DO lO CHAN=l ri-- S¡ern¡CxÃÑi=5¡ê¡NICHANI+SL¡'ril CHAN¡ I I
CONÎ I NtrE

COXÏ ¡ NUE

suBTR^CTt Ori OF Tt{E I.EAN

DO OO CHAN= I r 4-- s¡E¡N{ cHANtes{EANI cHAN¡/128
SV¡Rl CH^Nl=OoO
OO 30 l=l¡lZo

suEt'6¡ç¡lx. t lÊ5¿EGICHANT I l-sx¿AÑl cHAN'
Èvln ¡ cxrÑl=svrn acHANl +5'EE.'( cllAN r ¡')r 2

c ohl I NtrE
CONT I Nt/E
FETUPN
END

lo
20
c
c
c

30
40

c
c
c
c
c
c
c
c
c
c
c

5 U3 COIJT tNE SI R I NT
suãpáurtNE To Frr Llt{: sEgtltNli ro-l¡ri ¿
iÃË Fóai Ptx¡-r.rx+Ê Accolo tNG 1o-Trli ciAS
èäir':.r io¡¡ eÑò srsn. Tt{E PAR^xÈTERS- v' o F

À"¿i lxÈ-Hu¡pin or sa{PLEs REPf<ESENT!) 3Y
Á = e Úecro¡' us¿o fo sT¡ei THL vALuLs xr
t = f vÈõron us¿o To sroltr IHa-HuHBER JF
är= þ. ón-i ¡cconD ¡NG Tù THE TorAL t{LJrrÞËR
BE OOO OR EYEN RESPECTTYELY¡

iuanou,r tNE srR¡NT lrElG¡A rx¡t{ål

B
SAHPrË5 OF !.ACH LtN=
OF STt¡RED POINIES TO



Df rENSlgN Al256t r ll( ?56t rrEE6(' r l2Et rFl2l rBl2 |
clr aia= t

c
È rs ex ExArpLE TltE T0¡-ERA¡.CE I s sET ¡ERE 10 rAKE DEF tN ¡T VALUE

c
OELfA=aO. OOE-O3
J=t
JIsJÕ¡
J2=J
J3ÊJ- I
F( 2l¡OoO
Ël 2l=O¡O
N= IZB

-l r1{
+t
lo6T¡rlt 50 fo ¡t

DO20l
l¡El
¡Fr ¡
¡ 4=O

' lsEO

5

TO=O¡ O
fl=O¡O
Fllt8F(Z¡
8(lttgl2¡
DO 5 l3=Jrll

ta=1.+l¡3-J3l
l5=I5+(¡3-J3lr'e
TO=¡O+fEEGICHAN¡I3I
TI =TI } fEé6I CHAN ¡ ¡ 3I ' ( I 3-J3I

CONl ¡ NUE
Ft ri;ïiîr t-J3¡rT¡ t-{ ¡ +rTo r, 4l I lr r-J3 tr¡ 5l -l ¡ 4"zl ¡

ä¡ ã¡; - - - i i ¡ áiio i- i lær t I ¡ /l ( ( I l -J3lÕ¡ 5l - I ¡¡¡cra l I

X=J
DO to xt=(.¡¡

^NuriER-É,xÂúpile-i¡e 
r oLEFArlcE coLLD BE 

^ÚJusrEDiei¿ -iir-rrcs DEPENiifl6 oN 1ÉE EPocr{ cHARAcTEP ¡ sr¡cs
DLL=5¡ OOOr ÜEEC ( CIIAN r X I I

SS=¡EEGI CHlr{ r X I ¡- I 
' 

F ( 2l r t I ¡ -< I I +Bl 2 | )

iFtOr¡s¡55loLEolrELTAl Ûo Io ¡o
AIJ¿r=Fll¡ ¡

^(J¿+ll=ð(lll(J¡l=¡-J3.
.r=¡l. .r¡3Jt+l
Jz=J2. z
\¡3=¡
tF l¡.Eo.¡N-lrl Gcl TO 9
60 To 2c)
Al.rZl=ICE6lCHAttrNl
IlJl¡=l
Ll¡l=13ÕJ¡¡-3
lX=l
lRllE lór3l t I A(Kkl ¡KK=l r''12 l
60 10 ¿2

CONT ¡ NlrE
lF( t¡Êg¡Nl GO TO ¿t

cgÌ¡1 I nuE
lr( lr=13.J¡r-Z
AIJAI=Fl2l
A(J2+¡r38(¿l
ts(Jll=¡-J3
Lt{= O
x,KKaJ2+ I
IRtTE(6r3ll lAl I I ¡ l=l ¡KKl(t
rR¡1È ló.301 trlll¡l=lrJtl

c
c
c
c

AS
Tf

9

¡o¡t
¿o
2t

2Z



30
3t

rF¡TE
uf. I 1E
FORIAT
FO RI'A I
FORI{ AI
RETURN
END

l6¡ 3l I I rEÊ6¡ CHAXr I I ¡t-l¡ Nt
I 61 32t ¡¡

a lx, toa l3¡ txt r
fô(Fl2o6¡lXll

¡1.¡

c
c
c
c
c
c

S¡rBPOul ¡NÈ FECOxS
SUBR9UTTNÊ IO F¡NO THE IPPRFX¡|rATÊD
SToREO P^R^IETERS
APP= lHE PO¡NTS OF THE AppROX¡taAT¿D

SUBROI.,T ¡NE RECONS IAr Trl.I¡r IPPI
D¡rENS¡ON al 2561 ¡llZ5óf rAPP{ l2ðlt{=l2g
CH AÑ= I
¡F(r{x.Eo¡tt 6o T0 5J¡=lHall+21 /g
JZ=l2.Jll-2
KZ=J2/2
Go TO lO
J¡=aXl ll +3rl3
J2=t2|Jlr-3
KZ=lJ¿-lr/Z
APP(NI-AIK¿+I¡
K¡=O
K 3=O

. DO Z5 l=lrX2
K3=L( ¡+lr+K3
JJ= 2r I
55-Aa.rJ-t I
88=A{ JJI
K=K t+ t((=(3+ tlF(XK.Gl. t2At KK=tZ8- DO 15 .J=K o Kl(

APP f J I ={ SSr I cr-t( I I +Bb
IRIIE Iór6I APP¡JT
FORriAl lF t2c6t

CT]NT ¡ NUE(l=x3+l
C{JNT ¡ ti(/E
l¡ì¡TEtó¡3Ol (^Ppl Jt ¡J=l ¡t26t
FoPr,tAt t8(Fl2¡6¡ lXl I
RETURN
END

Ee6 EPOC| u5¡NG THE

s t6r{AL

5

lo

2s
3(,

al5

¡EÀ¡IRY
,t



4) Program for implementing the classifiers.

OA UATF ¡Y

PPOGFAÍ Tcr 455¡5¡¿ fACH APPfrOx¡x^f EIr slGt{ÂL TO f -ç!lss
i:Ë;:îö èr-rssiÉv ix¿ Èpocxs lNrtr r' -Nur{3ER rlF cLAsses
rIR¡Hi. fHå D¡C.FUNCïiJÑS-JJi¡iT.O TEO¡ T¡tÊ 5¡I,A¡Til¿ PFOGRAM

ií- 'ii 
r ilE¡- xeti ro BE A G¿HEeAL oNE

Ëîpõì'nËÃo fiE s¡ó¡¡¡i¡c¡¡r rerluR.s usEo To DlscR¡ BÊrrÈE¡{
råi-è¡-iõsis''Ãno fiËi¡-nÈ¡o riE pl¡rvcrEREs ro FoFlÈ 1HË
glCo FUNCI IONS¡

¡NTE6EF I ¡X¡J¡CHAX
i¿"ÀL ec¡ x¡.EEéix¡ r s( ôrxFl rËAoEE¡F (trtln+l I

THE PARAIIETERS TO FORH lHE EOUAT¡ONS
riË-xi.räriÊp-oF Èquirl ó¡'¡s =Txe NUrBER oF cLAssEs
THE t{UxBeR OF F=ATuREsl"ixä-iú¡JEn' r¡r coÑsi¡rrrs ¡il-EacH o¡c' Fur{cr¡oN'

=-riË-rôii[-¡*rxo¿n oF EPocHs 1o b! cLAsslFIEo'

DO .Jcl ¡X
errt i t. s¡ lF(J rl I r l=l r,.Y+¡ I
NUE

JJJ= I r !tHl4
OO lO 6¡¡¡=l r4

REAü( lO'51 ¡5(CHA
FOPllAf l?(F9.5otX

CONÎ ¡ ÌruE

THE EO{,AT¡ ONS

DO 50 CHAN= I ¡ I
Dg 25 J=lrll

EOIJI=OoO
DO 20 l=trl'Í-- ÈqlJr=Eo( Jl+F(Jr ttes( GHAN¡ I I
CONT ¡ NU¿
aq I ., I =E¡ ( Jl +F (.J. l'lN+ ¡ I

CSNT ¡ NU'
x=l
DO 35 l=l rI-l-- tF¡eoix¡.GT.ËOlt+¡ll 60 TO 30

EEaEo I K I
EA=EO(¡+ll
lF lX¡6T¡ll K=l
EEÙlKl=¿A

' ÊEu(l+¡¡=E:

¡J
c
c
c
c
c
c
c
c
c

c
c
c
c
c
c
c

IIEA D
l{ --
MH-
Xr+ I
r{xL

l5 c3N
DO

T5
FIE
1¡
óo

l¡ ¡ I I r l=l r l{l'tl
ll5

lo
c
C FgRL lNþ
c

zo
z5

35+¡r=E0(¡+¡¡
.6T ol I 60 TO 35

EEOIK¡=EO(< I
CO'{T I NUL
iñÏiÈ io.ol lEEq(¡trl=lrl¡llr (Eo(l
FOR¡AT I óxr ól E lao ór tXl I
DO ô5 ¡=¡rX-- ¡F¡E¿Ollt¡EQ¡EO(tl¡ GO TO ÔO

60 To Ô5
PRtNT.l¡ I
FERXAT I ¡.¡
60 To 50

CONT I NUE
CONT I Nt/E

CONT ¡ NtrE
5t oP
END

KE I +
607
EEO'
¡F I

¡
o
¡
K

30

35

6

ôo
4l

a5
50
60

rl=l ¡lll

¡ENTRY
ft
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APPENDIX C

Comments On KLE Results

InÈhlsAppendlxrtheKLEresultsasappliedtoEqG

data are illus traEed via Lables. Each tabl-e contalns

information abouË the classlfication of some epochs (using

the para1le1 classlf ier ) in both original and aPProximated

forms. Also, the mean-square error of the approximation is

given. The epochs are chosen such Èhat the range of the

mean-square error will be covered'



r14

- Normal (NORM)1)

Epoch No. Origlnal- Classif . Approx. Classif. M.S.E. 7.

I

2

3

4

5

6

7

B

9

10

NORM

NORM

NORM

NORM

NORÌ,I

FAST

SLOHI

NORM

NORM

NORM

SLOLO

NORM

NORM

SLOHI

NORM

LAMP

SLOH I

NORM

SLOHI

NORM

t7 .5

2.3

7 .3

2.r
16.2

23,L

0.08

7.5

7 .96

4.7

23.r%l"l .S.E. range for normal epochs is 0.08%
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2) Artefact (ARTEF)

M.S.E. range for artefactual epochs is O'O6i¿ LL.6%

Epoch No. Original Clas s if . Approx. Classif. M.S.E. 7"

1

2

3

4

5

6

7

8

9

l0

ARTE F

ARTEF

ARTEF

ARTEF

PLYSP

ARTEF

ARTE F

ARTEF

ARTEF

PLYSP

ARTEF

ARTEF

ARTE F

SLOHI

SL OHI

ARTEF

ARTEF

ARTEF

ARTEF

S LOHI

0.06

11

0.14

3.1

11.6

2,7

0.4

o .25

2.8

L.7
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3) Low Amplitude (LAMP)

M.S.E. range for Low arnplitude epochs is l'67' 36 .9%

Epoch No. 0rtglnal Clas s if. Approx. Classif . M.S.E. %

1

2

3

4

5

LAMP

LAMP

L Àl'{P

LAMP

LAMP

LAMP

LAMP

LAMP

LAMP

LAMP

36 .9

22

4.5

L.6

L4 .6



LL7

4> F ast ( FAST )

M.S.E. range for fasË epochs fs 0.8% 50 .4i(

Epoch No. 0riginal Classif. Approx. Classif . M.S.E. %

I

2

3

4

5

6

7

I

9

10

FAS T

FAST

FAS T

FAST

FAS T

F AST

FAST

FAST

FAS T

F AST

}.AS T

FAST

FAS'T

FAST

FAS T

LAMP

SLOHI

SLOHI

FAST

LAMP

49 .8

30.4

50 .4

L9 .9

7 .7

15.6

5.7

0.8

4.4

22 .5
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5) S lot¡ Low Amplltude (SLoLo)

M.S.E. 7.

M.S.E. range for slow-1ow anpliÈude epochs is O'47" 22 .5'/.

Approx. Classlf.Original Classif.Epoch No.

10

22 .5

6.3

7

1

0.4

2

2

8.3

4

4

9

5

I

7

LAMP

SLOLO

SLOH I

SLOLO

SLOLO

SLOLO

SLOHI

SLOLO

SLOHI

SLOLO

FAS T

SLOLO

SLOLO

SLOLO

SLOLO

SLOLO

SLOLO

SLOLO

SLOLO

SLOLO

I

2

3

4

5

6

7

I
9

10
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6) S low IItgh Amplltude ( SLOHI )

M.S.E. range for slow-htgh amplitude epochs is 0 'I57" L8 .87.

Epoch No. Origlnal Classif. Approx. Classif. l'{.S.E. %

1

2

3

4

5

6

7

I
9

10

SLOHI

SLOLO

SLOHI

SLOHI

SLOHI

PLYSP

SLOHI

S LOHI

SLOH I

NORM

SLOHI

SLOLO

SLOHI

S LOitI

SLOHI

SLOHI

ART I }'

SLOHI

SLOHI

SLOHI

5.1

18.8

0.15

3.r.

LL .7

12 .6

0.8

1.1

o .24

2.9
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7) Sharp/ s ptte Iùave High Arnplltude ( SSI"IHI )

M.S.E.

0 .57"

range for sharp/spike \tave-htgh auplitude epochs 1s

3B.s%

Epoch No. 0rtginal Clas s lf . Approx . Class if . M.s.E. 7.

1

2

3

4

5

6

7

I
9

10

S SI^IHI

S SWHI

SLOLO

S SWHI

S SI^IH I

S SI.IHI

SSI^IHI

S SWHI

S SI,TH I

S SI^THI

SSWHI

SLOHI

SLOLO

NORM

ARTEF

PLY SP

S SI,THI

SLOflI

S SI.TH I

ARTEF

TL .2

5.2

38. s

L2 .7

0.96

30. I

7 .8

10. 9

2.7

0.5



t2L

8) I solated Sptke ( IS0SP )

M. S.E. range for lsolated spike epochs 1s 4.97. 32. s7"

Epoch No. 0riginal Classif. Approx. Classif. M.S.E. %

I

2

3

4

5

ISOSP

ISOSP

ISOSP

PLYSP

ISOSP

NORM

ISOSP

NORM

SLOLO

SLOHI

4.9

24.r

13.9

32 .5

5.3
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e) Multi-S pikes ( PLYSP )

Epoch No.

M.S.E. range f or multi-splkes epochs ís 7 .27" 43 .67.

0riginal Classlf. Approx. Classif . t"f. s. E. i(

1

2

3

4

5

PLYSP

PLYSP

PLYSP

SLOLO

PLYSP

SLOLO

S LOHI

PLYSP

PLYSP

SLOLO

40.5

43 .6

13 . B

37

16 .5
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APPEND I X D

Leas t Sq uares Line (Discrete Data )

The method of last squares' was developed

First of all, when the data are discrete we

first by Gauss.

may mínimíze the

sum

can collocate

be made zeto.

For the

the sum S has the form

òB
-2 (Yt

ðS

1
x

m
ax.

11

N

-L
i=0

2m
l

for given data *1, Yi and m < N

The conditton m ( N makes it unllkely that the polynornía1

ù a a
o

2

p(x) = to + ul* * arx + ......+ tr*

It,.

case of a llnear polYnomial

p(x) = Mx * B

lD-rl

lD-21

lD-31

lD-sl

m

at all N data points. So S probably can not

N

-L
L=0

2
l,Ix B) lD-4 lS (vr i

to minimize S, we have to equate the lst derívatives to

zèTO.

ôS
II

L

i=0

N

L
i=0

M x.
1

B) 0

òM
-2 *r (Yt M x.

1
B) 0



Rewriting

(N +

(x x

we have

1) B + (X

B + (X

Xy

x.)
1

M=xy

M

L2 t+

tD-61

lD-7 l

ID-B]

lD-el

Ilx*B

I D-i0 ]

tD-111
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22
ôS ôS ti__ = Z S = . Sz

z "o ' 2

125

l D- 131

we f ind

2
ôS
ðB ôM

ôB ôM

Sl-nce the first two are posltive and since

st2

so s2 )
2 2

I(2s1) 2 (N + 1)(2s2) 4(s <0

The second derivative test for a a function of

thto arguments B and M is satisfied' that Ehe first

derivatives can vanish toBether only once, shows Ehat our
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APPENDI X E

The Technfque used to Design the Termlnal Classifier

In the past decade, several systems for automatic

recognitlon of abnormaltties associated with epilepsy have

been developed. A complete dfscussion of automated analysis

techniques are glven by Gevins tll and Barlow t2l'

1 Pattern Recognitlon Ba ck gr ound The Decísíon

Theoretic Aoproach

Pattern recognitlon can be def ined as "the

categorfzation of lnpuL data lnto ldentlfíable classes via

the extraction of slgnifÍcant features or attrlbutes of the

data from a background or irrelevant detail" 1251.

I'fathematíca1 pattern recognitlon deals with underlying

theory and practical teehnlques for machine implenentation

of a glven recognltlon Ëask. Recognitlon of pattetr1s uslng

the decision theoretlc approach lnvolves three basíc

steps: (1) pattern Preprocessing (2> FeaÈure exÈracÈlon and

(3) pattern classífication. The functions of the

preprocessfng include pattern encoding and approxlmation and

the f f ltering, restoratlon and enhancement of Ehe

approxlmated patterns. For example, in the case of Lhe EBG'

filterlng to remove lnslgniflcant htgh frequencies and

digltal encoding to facilitaEe further process lng . After
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the preprocessing stage, each pattern typically is

represented by a 1-arge number of values ' The purpose of

feature extracË.1on is to determine from these values mlnimal

seL of features whlch adequately describes differences

between patterns of varlous classes. The flnal Step ín the

decls ion-theoretic approach 1s Èo classify the input

patterns, based on the values of thelr f eatures ' 
l-nt()

predetermined classes or groups. Thts classtfication is

accomplished using discriminant or declsion functions (hence

the name decislon-theoretic). These funcLions are derfved

in what is known as a trainlng procedure, in whlch sanple

patterns representing each of the classes are used to

ealculate the decislon functlon coefficients. An excellent

discusslon of the declsion theoretlc approach ls given by

Tou and Gonzales t141.

ii Feature Extractlon and Terminal Classif lcation

All EEG data used in this research, lvas recorded uslng

a f our citannel cassette recorder. Eíght 24-hour recor<lings

Irere obtalned from six patlents between ages of ten and

sixteen years. All slx patlents were suspected of havlng

some form of epileptlc abnormallty. Portlons of record

suitable for use in Èrainlng the termlnal classtfler as well

as recorders for evaluatlng system performance were

selected. For the purpose of our analysis, each of the EEG
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channels \tas segmented into terminals conslstlng of one

second duratlon epochs of EEG activity. These terminals

were selected because they satlsfied Lhe requirement of

representfng the sinplest subpatterns of sfgnlftcance of

EEG.

As discussed previously, declsl-on-Èheoretic technique

was chosen to tdentify terminals. This ldentlficatlon

requires thaL a seË of. features be extracted from the EEG

which adequately describes differences beEween the terminal

classes.

Several feaEure extraction techniques have been

enpl-oyed ln the analysis of EEG signals. A Partía1 llsting

of these techniques includes spectral analysis using Fourier

transforned autocorrelation funct íons or the FFT ' time

domain descriptLons based on moments of the poù7er spectrum

Í26-271, auto and cross-spectra, flltering and interval

analysfs 1261. Rather Èhan use any of the above techniques'

spectraL estlrnatlon based on autoregressive modelling \{as

chosen for extractlng features from the EEG.

There IJere several reasons for chooslng autoregresslve

spectral estimatlon for extracting features frorn Èhe EEG.

First, features derlved from spectral estimates generally

provlde a better descríption of the EEG and have more

physic.al- signiflcance than do those obCal-ned using otlìer

techniques. Second, autoregressive methods
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provide better spectral estimates for short pleces of

record, an lmportant feature gíven the duratlon of the

terminal used. Another interesLing property of the

âutoregressÍve estLmate fs that it models peaks ln the

signal spectrum before Èhe valleys. An additlonal advantage

of thís technlque is that, the spectral estimates obË,ained

are smooth, ancl thus do not requfre windowlng.

In order to determlne which of the userl features were

most relevant to classtfying the one-second EEG epochs into

the Èerminal classes, and to generate the decislon funct.ion,

a procedure known as stepwlse discrlmínanÈ analysis vras

used. Thís was accoûlplished using Èhe program BMDPTM of the

Biomedical conpuÈer Programs Package [28], available on t]re

University of Manltoba I s computer systen.

iii Step¡sise Discrlrninant Analysis as a Classification

Technlque

Stepwíse discriuinant analysls ( SWDA ) cornbines a

process for generating Línear decislon functions for

classification purposes wfth a process for selecting froru a

large number of features a small set of fmporEant ones.

rnltially, the program must be provtded with a tralning set,

1. e. , a set of sample patterns or cases, represented by

thelr feaEures, and the class to which each of the patterns

belongs. As suggested by 1Ës tit1e, the procedure proceeds
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ín steps. At each one, a number (relaterl to the F-ratio,

used to test the statistlcal significance of the differences

between means of Ëwo seÈs of observaËlons) is calculated for

each feature to express the amount of discriminatory poI^Ier

it provídes. The f eature whÍch provides the rnos E

discrlminatory poErer ls then entered into the declsíon

funcËions. Thts procedure continues until the features

added no longer contríbute slgnlficantly Eo discriminating

between classes. The program provides information

describing how well dlf.f erent classes are discrÍminated. In

additíon, several options are provlded to al1ow the user to

speclfy Ëhe entering of variables lnto the decision

functÍons.

The decision functlons calculated by P7M are t.hose for

a Bayes Maximum Lfkellhood Classifier t141. To simplify the

cal-culations and produce l-inear declsion f unct. lons, the

algoriÈhm assumes that all pattern classes have norrual

distributions wlth equal covarlance matrices. ïn the "flna1

ouÈput of the program, the declsl-on functions r câlculated

from those features whÍch have been enÈered, as vre1l as a

pseudojackknifed classtftcatlon natrix (whlch gives the

cl-asstficaÈlon accuracy of Ehe decision functlons when used

on the tralnÍng seL data) are provlded.
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Stepwlse dÍscrimlnant analysis ì;ùas chosen for feature

selectlon and generatlon of decísion functlons for t\,/o

reasons . First, SI^IDA provided a sirnple way of ellmlnatlng

useless features, reducing the computatlonal load involvecl

ln recognlzlng terminals and irnprovlng classification

perf ormance . Second, SI"¡DA slmpltf ies the SeneraË ion of

their perf ormance .

One disadvantage to using SWDA, ãlises frorn Ëhe

âssumptions used in generaElng the classificatlon functions.

These assumptions (normally dfstrÍbuted cl-asses r' equal

covariance matrices ) are 1Íkely l-nvalid, and undoubtably

result ln less than optlmum classlfication perfortance.




