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1. ABSTRACT

Time-frequencybasedmethod$avebeenshownto outper
form other methodsn dealingwith newborn EEG. Thisis
dueto thefactthatnewbornEEGis nonstationaryand mul-
ticomponentThispaperpresents newtime-frequencyased
EEG seizue detectionmethod. It usesthe distribution of
theinterspike intervalsof a highfrequencyslice of thetime-
frequencyrepresentatiorof an EEG epod to discriminate
betweerseizue and non-seizue activities. Theseizue de-
tectedthrough this methodis then tracked throughoutall
theavailableEEG channelsby cross-corelatingthe binary
encodedsignalsof boththe detectedseizue andthe subse-
quentEEG epodsin all channels. This approad allows
the study of the migrating behaviorof seizue using EEG
signals.

2. INTRODUCTION

Neonatalseizureis acommonoccurrencen newvborn. Ap-
proximatelyonein every 200 nevborn babiesexperiences
someforms of seizurejndicatingcerebralabnormalitiesor
damageo thebrain.

Seizurein adultsis usuallyaccompaniethy somewell-
recognizeclinical manifestationsuchasbodyjerking,repet-
itive winking or flutteringof eyelids. In newborns however,
the clinical signsarenot asclearandcaneasilybe missed
without constantclose obsenation. Monitoring brain ac-
tivity throughthe electroencephalografEEG) hasbeena
successfuinethodfor detectingseizurein adults. Theonset
of an EEG seizureis oftenidentifiedin the EEG by sharp
andrepetitive waveforms(figure 1). The detectionof these
waveformsis complicatedor the caseof newbornsincethe
brainof anormalneonatanayproducespuriousvaveforms
andsharpspikeswhich aretheresultsof extra electricalac-
tivity associatedwvith the maturingbrain [3]. The prob-
lem s to differentiatebetweenthesewaveforms. Figure 1
shaws two differentepochsof neonataEEG signalsasso-
ciatedwith seizureand non-seizureactiities. The spiky
natureof the sharpwaveformscan be seenas shorttime

broadbandventsin the TF domain [4]. Experimentswith
suchwaveformsshaved that their TF signatureextendto
frequenciesigherthan75H z [9] andthatthe distribution
of theinterspile intervals of the EEG seizureat thesehigh
frequenciesarevery differentfrom thatof the background.
Thesefindings formed the basisfor the presentproposed
seizuredetectiormethod.

It hasbeenobsenredthatseizureactivity migratesfrom
oneregion of the brainto another andthis is reflectedby
transitionof EEGseizurebetweerdifferentchannelg10] [11].
In this paper we proposeto usea cross-correlatiorbased
methodin orderto trackthe seizurein differentEEG chan-
nels.

3. HIGH FREQUENCY ACTIVITY OF EEG
SIGNAL

In traditionalanalysisof EEGsignalsusingpolygraphiaecord-
ing devices,thehighfrequengy actiity hasbeenoverlooked
dueto insensitve respons®f themechanicapen.Theanal-
ysis of EEG datarecordedby digital systemswith a high
samplingrate shavs that thereis a high frequeng activ-
ity in EEGsignalthatmay be usedto discriminatebetween
seizureandlack of seizure(background)[9].

Spikes, which are often difficult to characterizen the
time domain,canbe identifiedaslines or ridgesin the TF
domain,wheretheheightof theridge depend®nthepower
of the spikes. In figure 2, TF representationsf the EEG
signalsassociatedvith the first four secondepochsof the
signalsis shovn in figure 1. Thetime—frequenyg distribu-
tion (TFD) usedis the exponentialdistribution (ED) with
o = 0.1 [2]. Forthesale of clarity, the part of TF plot
higherthan50H z hasbeenemphasizediFromfigure 2, we
canseethat the TF spikesduring normal actvity of EEG
data are less frequentand less regular than those during
seizureactvity [4]. So, analyzingintervals betweensuc-
cessve spikesin the TF domainallows oneto distinguish
thenatureof spikefiring patterngelatecto seizureandnon-
seizureactivities. Basedon this remark,oneway to differ-
entiatebetweenthe spike actiity during seizureand non-
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Fig. 1. NeonatalEEG signal(a) seizureactiity (b) nonseizure
actiity

seizurds throughthedistribution of theinterspile intervals
(IS1) in thetime-frequeng domain.

The distributions of interspile intervalsin TF domain
relatedto signalsin figure 2 areshavnin figure 3. Thedis-
tribution of the ISl is constructedy first extractinga slice
of the time-frequenyg representatiorof an EEG epochat
thefrequeng 75H z. Theamplitudeof the obtainedsignal
is then thresholdedo eliminatethe lessenepetic spikes.
The thresholdedsignalis encodedsuchthat the valuesof
thesignalamplitudelargerthanthethresholdareassignec
valueof 1 while theotheraresetto zero.A histogramof the
intervalsbetweerthe 1sof theencodedignalis finally con-
structedto obtainplotsin figure 3. Thevalueof threshold
wassetat50. Thisvaluewasfoundto give highestdetection
rate.

Figure 3 shavsthatthereis a cleardifferencebetween
thedistribution of I1SI duringseizureandnon-seizurectiv-
ities. The histogramrelatedto the seizureactvity suggests
a nearlyexponentialdistribution. This remarkagreeswith
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Fig. 2. 4-seconapochof nevbornEEGsignalin Time-frequeng
domainshaving seizurg(abore) andnonseizurectiities (belaw).

theresultreportedn [7].

4. DETECTION OF EEG SEIZURE

Theproposed F basedalgorithmfor seizuredetectiorcom-
paresareferencehistogranto ahistogramof anEEGepoch
usingthe Jenserfunction [5]. The seizureis saidto have
occurredif the Jenserfunction returnsa valuethatis less
thana giventhreshold. The algorithmof seizuredetection
compriseghefollowing steps:

Step 1- Sgmentation:lt hasbeenreportedin the liter-
atures [1] [8] that seizurecanlast from a few secondgo
minutes. Basedon this, we segmentthe EEG signalinto
4-secondepochs.This lengthalso correspondso the time
windows thatgivesthe bestdetectionperformance.

Step 2 — Time—frequeng representationThe4-second
EEG epochis mappedo TF domainusingexponentialdis-
tributionwith o = 0.1.
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Step 3 — Sampleextraction: A time—frequeng slice
from the TFD of the EEG epochat 75H z is extracted.Ex-
perimentallya TFD slicearouncthis frequeng corresponds
to the bestdiscriminationbetweerseizureandnonseizure.

Step 4 — Thresolding: The extractedsignals,in step3,
thresholdedo keeponly the mostsignificantcomponents,
andcorvertedinto avectorof 0 and1. As discussedbefore,
the valueof thethresholdhasbeenselectedexperimentally
as50.

Step 5 — Encoding: The signalobtainedfrom step4 is
encodedvherebythe amplitudelargerthanthe thresholds
assignech value 1 while the otheramplitudesare assigned
avalueO.

Step 6 — Histogramconstruction: A histogramof the
timeintervalsbetweerntheonesof theencodedignalis con-
structed.

Step 7 —HistogramsomparisonThehistogramsom-
puted from step 6 is comparedto a referencehistogram
using the Jensenfunction. The referencehistogramwas
constructedby averaginga given numberof histogramsof

seizureepochdrom our EEG database.

Step 8 — Decision: The outputof the Jenserfunction,
whichis betweerD and1l, is comparedo athresholdvalue.
The EEGepochis declaredo have a seizuref the outputis
smallerthanthe thresholdvalue(the valuewasexperimen-
tally choserat0.2).

The seizuredetectionmethodhasbeenassessedsing
the EEG dataof three newborn babieswho were admit-
ted at the Royal Womens Hospital Prenatalntensive Care
Unit in Brisbane,Australia. In the assessmentye made
a databasef 290 four-secondepochsof EEG signalscon-
taining seizureactvity labeledby the neurologist. Half of
them(145epochs)vereusedto constructhereferencehis-
togram. Applying the proposeddetectionschemeto the
EEGdataresultedn acorrectdetectiorof 136seizureepochs
outof thetotal of 145;thatis a correctdetectiorrateof 94%

5. TRACKING SEIZURE ACTIVITY

It hasbeenreportedthat seizureactiity travels from one
sectionof the brainto another [6] [11]. Thisis for exam-
ple the caseof multifocal seizuresSo,oncethe seizurehas
beendetectedusingthe above schemeijt is tracked along
the differentEEG channels.The tracking processusesthe
cross—correlatiometweenencodedsignalsof the detected
seizureandthatof the subsequerEEG epochsrom differ-
entchannels.By usingthe encodedsignals,insteadof the
real signals,we are aiming at reducingthe computational
time.

To keeptrack of the seizure we usedthe highestvalue
above a certainthresholdof the cross—correlatiometween
encodedsignalscorrespondingo the detectecdEEG seizure
and the 4—secondepochsin different channels. In other
words, only the EEG seizurewith the highestsimilarity to
thedetectedneis considered.

Figure 4 shovstheresultof applyingthe seizuretrack-
ing procesdor a durationof 80 secondq 20 epochsof 4-
seconcdepoch).The seizurecanbe seentraveling from one
channelto another This obsened behaior correlatesvery
well with thelabelingperformedby the neurologist.

Therearesometypesof seizureshattendto startfrom
alocal areaof the brain and spreadto multiple areas.For
thistypeof seizuresall thevaluesfrom thecross—correlator
largerthana predefinedhresholdareto be consideredThe
resultof applyingourproposedchemeo thistypeof seizures
will appearelsavhere. The resultsof this researchwill be
very helpfulin localizingthe sourceof the seizure.

6. CONCLUSION

This paperpresenta new methodfor seizuredetectionand
trackingusingnewborn EEG signal. This methodusesthe
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Fig. 4. Seizuretracked on 20—channel€EG signalof a newborn
baby

distribution of interspileintervalsin thetime—frequeng do-
mainto discriminatebetweenseizureandnonseizure.The
seizureis thentrackedby cross—correlatiobetweerthe en-
codedsignalsof both the detectedseizureand subsequent
EEG epochs.ExperimentakesultsusinglabeledEEG data
shavedthatboth processeperformedvery well.
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