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ABSTRACT

Estimatingthe location and distribution of electriccurrent
sourceswithin the brain from electroencephalograph{&EEG)
recordingds anill-posedinverseproblem. Theill-posednature
of the inverseEEG problemis dueto the lack of a uniqueso-
lution suchthatdifferentconfiguration®f sourcesangenerate
identicalexternalelectricfields.

In this paperwe considera spatio-temporaimodel, taking
advantageof the entire EEG time seriesto reducethe extent of
the configurationspacewve mustevaluate We applytherecently
derivedinfomaxalgorithmfor performinglndependen€ompo-
nentAnalysis(ICA) onthetime-dependerEEGdata.Thisalgo-
rithm separatemultichanneEEG datainto activationmapsdue
to temporallyindependenstationarysources.For every activa-
tion map we performa sourcelocalization procedure Jooking
only for a singledipole per map,thusdramaticallyreducingthe
searchcomplity. An addedbenefitof our ICA preprocessing
stepis that we obtainan a priori estimationof the numberof
independensourcegproducingthe measuredignal.

INTRODUCTION

Electroencephalograpi(EG) is a techniquefor the non-
invasve characterizatiowf brainfunction. Scalpelectricpoten-
tial distributionsareadirectconsequencef internalelectriccur-
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rentsassociatedvith neurondiring andcanbe measuredt dis-
creterecordingsiteson the scalpsurfaceover a periodof time.

Estimationof thelocationanddistributionof currentsources
within the brain from the potentialrecordingon the scalp(i.e.,
sourcelocalization)requiresthe solutionof aninverseproblem.
This problemis ill-posedin theHadamardensespecifically its
solutionis not necessarilyunique. Physically this is a conse-
quenceof the linear superpositiorof the electricfield. Specifi-
cally, differentinternalsourceconfigurationscan provide iden-
tical externalelectromagnetifields. Additionally, only a finite
numberof measuremerdf scalppotentialareavailable,increas-
ing theill-posednes®sf theproblem.

There exist several different approacheso solving the
sourcelocalizationproblem. Initially, most of thesewere im-
plementedn a non-realisticsphericamodelof thehead.Those
methodawvhich proved promisingwerethenextendedo work on
realisticgeometry One of the most generalmethodsinvolves
startingfrom someinitial distributedestimateof the sourceand
thenrecursvely enhancinghe strengthof someof the solution
elementswhile decreasinghe strengthof therestof thesolution
elementauntil they becomezero. In the end,only a smallnum-
ber of elementswill remainnonzero,yielding a localizedsolu-
tion. This methodis implementedfor example,in the FOCUSS
algorithm(Gorodnitsky, 1995).

Anotherapproachincorporatesa priori assumptionsbout
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sourcesindtheirlocationsin themodel.Electriccurrentdipoles
areusuallyusedassourcesprovided thatthe regionsof activa-

tions are relatively focused(Nunez,1981). Although a single
dipolemodelis themostwidely usedmodel,it hasbeendemon-
stratedthat a multiple dipole modelis requiredto accountfor

a compl field distribution on the surfaceof the head(Supek,
1993).

Finally, thereis a group of algorithmsthat utilize a time
courseof dipole activations. Here, ratherthanfit the assumed
dipoleson an instant-by-instanbasis, they arefitted by mini-
mizing theleast-squarerrorresidualover the the entireevoked
potentialepoch(Scheg, 1985). A more advancedapproached
is developedin the multiple signal characterizatioralgorithm,
MUSIC, andin its extension,RAP-MUSIC. Thesealgorithms
use principal componentsubspaceorojectionsto find multiple
dipolesourcegMosher 1992).

In this paperwe proposea new approachto the problem
of sourcelocalizationfor the inverseEEG problem. Our so-
lution consistsof two steps. First, we preprocesshe time de-
pendentlata,usingthe Independen€omponeninalysis(ICA)
(Bell, 1995; Amari, 1996)signalprocessindechnique.There-
sult of the preprocessings a setof time-seriessignalsat each
electrodewhereeachtime-seriesorrespondso anindependent
sourcein the model. The numberof differentmapscreatedby
the ICA is equalto the numberof temporallyindependentsta-
tionary sourcesn the problem. To localize eachof theseinde-
pendentsourceswe solve a separatesourcelocalizationprob-
lem. Specifically for eachindependentomponentwe choose
aninstantin time from the signalandemploy adownhill simplex
searchmethod(Nedler, 1965)to determinghedipolewhich best
accountdor thatparticularcomponens contributionof themea-
suredpotentialsattheelectrodes.

In our study we use simulateddata obtainedby placing
dipolesin the brain in positionscorrespondingo physiologic
phenomenaWe choseto incorporatehreephysiologicallyplau-
siblesourcesthefirstin thetemporallobe (correspondingo an
epilepticfocus),the secondn the occipitallobe (corresponding
to obsenedvisual evokedrespons€ERP)studies) andthethird
in the frontal lobe (correspondingo languageprocessing).For
eachof thesesourcesye usedatime signalfrom aclinical study
to definetheir magnitude®ver time. Thatis, we placethethree
currentdipolesinsideour finite elementmodel,andfor eachin-
stantin time, we projecttherealisticERP-lengthactivationsig-
nalsonto 32 clinically measuredcalpelectrodepositions. The
electrodepositionsareshavnin Figurel. Projectingthe sources
ontotheelectrodesequireghe solutionof aforward problem.

FORWARD PROBLEM

The EEG forward problemcan be statedasfollows: given
position and activationsof dipole currentsourcesandthe ge-
ometryandelectricalconductvity of thedifferentregionswithin

Figure 1. TRIANGULATED SCALP SURFACE WITH 32 ELECTRODES.
THE ELECTRODES HAVE BEEN COLOR-MAPPED TO INDICATE OR-
DER: THEY ARE COLORED FROM BLUE TO RED AS THE CHANNEL
NUMBER INCREASES.

thehead calculatethedistribution of the electricpotentialonthe
surfaceof the head(scalp).Mathematicallythis problemcanbe
describedby Poissors equationfor electricalconductionin the
head(Plonseg, 1995):

D-(oDd)):—z ls, in Q 1)
andNewmanboundaryconditionson thescalp
o(0d)-n=0, on g, (2)

whereao is a conductvity tensorand|s arethe volumecurrents
densitydueto currentdipolesplacedwithin the head. The un-
known @ is the electric potential createdin the headby the
distribution of currentfrom the dipole sources.To solve Pois-
sons equatiomumerically we startedwith theconstructiorof a
computationamodel. Therealisticheadgeometrywasobtained
from MRI data,wherethe volumewassementedandeachtis-
suematerialwaslabeledin the underlyingvoxels (Wells, 1994).
Thesaggmentecheadvolumewasthentetrahedralizedia amesh
generatowhich preseredtheclassificatiorwhenmappingfrom
voxels to elementgSchmidt,1995). For eachtissueclassifica-
tion, we assigned conductvity tensorfrom the literature(Fos-
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Figure 2. CUT-THROUGH OF THE TETRAHEDRAL MESH, WITH EL-
EMENTS COLORED ACCORDING TO CONDUCTIVITY CLASSIFICA-
TION. GREEN ELEMENTS CORRESPOND TO SKIN, BLUE TO SKULL,
YELLOW TO CEREBRO-SPINAL FLUID, PURPLE TO GRAY MATTER,
AND BLUE TO WHITE MATTER.

ter, 1989).A cut-throughof the classifiedmeshis shavn in Fig-

ure2. Wethenusecdthefinite elementmethod(FEM) to compute
asolutionwithin theentirevolumedomain(Jin,1993). TheFEM

hastheadwantagehatwe areableto placecurrentsourcesn ary

location(not only on the meshnodesasin the finite difference
method)by simply re-tetrahedralizinghe surroundingvolume
with a Watson-stylalgorithm(Watson,1981)afterinsertingthe

sources. Our headmodel consistedof approximately768,000
elementandN = 164,000 nodes.

Using FEM we obtainthe systemof equations

Aij®;=b;, ©)]

whereAjjisanN x N stiffnessmatrix, b; is asourcevectorand
®; is vectorof unknaw potentialsoneverynode.TheA matrixis
sparsgapproximately2,000,00hon-zeroegntries) symmetric
andpositive definite.

The solution of this linear systemwas computedusing a
parallel conjugategradient(CG) methodand requiredapprox-
imately 12 secondsof wall-clock time on a 14 processoiSGl
Paver Onyx with 195 MHz MIPS R10000processorsThe so-
lution to a single dipole sourceforward problemis visualized
in Figure3. In this image,we display an equipotentiakurface

Figure 3. SOLUTION TO A SINGLE DIPOLE SOURCE FORWARD
PROBLEM. THE UNDERLYING MODEL IS SHOWN IN THE MRI
PLANES, THE DIPOLE SOURCE IS INDICATED WITH THE RED AND
BLUE SPHERES, AND THE ELECTRIC FIELD IS VISUALIZED BY
A CROPPED SCALP POTENTIAL MAPPING AND A WIRE-FRAME
EQUIPOTENTIAL ISOSURFACE.

in wire frame, indicate the dipole location with red and blue
spherescgut-throughtheinitial MRI datawith orthogonaplanes,
andrenderthe surfacepotentialmap of the bioelectricfield on
the croppedscalpsurface.

In orderto obtaintime dependentlata,we assignedhe dif-
ferenttime activationsdescribedabore to the dipolesandcom-
putedthe resultingprojectionon all electrodesasa function of
time. We considered 32 electrodemodelfor this study

The solutionof the forward problemis needechot only to
derive thesimulatecelectrodeecordingshut alsolateron asthe
iteratively appliedenginefor solvingtheinversesourcdocaliza-
tion problem.

INVERSE PROBLEM

ThegeneralEEG inverseproblemcanbe statedasfollows:
given a time dependensetof electric potentialson the surface
of theheadandthe associateghositionsof thosemeasurements,
aswell asthegeometryandconductvity of thedifferentregions
within the head,calculatethe locationsand magnitudesf the
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electriccurrentsourceswithin thebrain. Mathematicallyit is an
inversesourceproblemin termsof the primary electriccurrent
sourceswithin the brainandcanbe describedyy the samePois-
son’s equationasthe forward problem(1), but with a different
setof boundaryconditionson the scalp:

o(0d)-n=0, and P=¢ on g, 4)

whereq is the electrostatigpotentialon the surfaceof the head
known at discretepoints- electrodelocations,andls in (1) are
now unknavn currentsources.

The solutionto this inverseproblemcan be formulatedas
finding a leastsquaredit of a setof currentdipolesto the ob-
sened datafor a singletime step,or minimizationwith respect
to themodelparametersf thefollowing costfunction:

32 R
Zl(tpj —¢))?/32 (5)

J:

whereq is thevalueof themeasureelectricpotentialon theit
electrodeand @ is the resultof the forward modelcomputation
for a particularchoiceof parametersthe sumextendsover all
channels.

To employ the abare methodwe must solve the forward
problemfor every possibleconfiguratiorandnumberof dipoles.
Eachdipolein themodelhas6 parameterstocationcoordinates
(x, y, 2), orientation(6, ¢) andtime-dependendipole strength
P(t). Thenumberof dipolesis usuallydeterminedy iteratively
addingonedipoleatatime until a“reasonablefit to thedatahas
beenfound. Evenwhenrestrictingthe locationof the dipoleto
thelattice sites,the configurationspacseis factorially large. This
is a bottleneckof mary localizationproceduregSupek,1993;
Harrison,1996).

Assumenow that we have somehav managedo filter the
signalson theelectrodessuchthatwe know electrodepotentials
dueto everydipoleseparatelyThenfor every setof electrodegpo-
tentialswe needto searchonly for onedipole, thusdramatically
reducingthe configuratiorspace We will discusghis usefulfil-
teringtechniquen the next section.

STATISTICAL PREPROCESSING OF THE DATA: INDE-
PENDENT COMPONENT ANALYSIS

In EEG experimentsglectricpotentialis measuredvith an
arrayof electrodegtypically 32/64/128)positionedorimarily on
thetop half of thehead,asshavn in Figurel. For studiesof the
humanvisual/auditorysystem(ERP studies),the dataare typ-
ically sampledevery millisecondduring the interval of interest
after stimuluspresentationandareaveragedover mary trials to
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Figure 4. SIMULATED SCALP POTENTIAL DUE TO THREE DIPOLE
SOURCES MAPPED ONTO 32 CHANNELS (ELECTRODES). CHAN-
NELS ARE NUMBERED LEFT TO RIGHT, TOP TO BOTTOM. THE
FIRST CHANNEL IS THE REFERENCE ELECTRODE. THESE SIG-
NALS ARE THE INPUT DATA FOR THE ICA ALGORITHM. THE LOCA-
TIONS OF THESE 32 ELECTRODES ARE SHOWN IN FIGURE 1.

remove backgrounchoise. For a given electrodeconfiguration,
the time dependentiatacanbe arrangedasa matrix, whereev-

ery columncorresponds thesampledime frameandeveryrow

correspondso a channel(electrode).For example,the dataob-

tainedby 32 electrodesn 180mscanbe sampledn 180frames
andrepresentedsa matrix (32 x 180). Below we will referto

this matrix asx(ty) , whereinsteadof a continuousvariablet we

have sampledime framesty.

Independentcomponentanalysis (ICA) is a statistical
methodfor transformingan obsened multidimensionarandom
vectorinto componentshatareasindependenfrom eachother
as possible(Bell, 1995). The algorithm achieves this by fac-
toring the multivariateprobability densityfunction of the input
signalsinto the productof fy = [J; fy,(yi) probability density
functions(p.d.f.) of every independentariable. This factoriza-
tion involvesmakingthe mutualinformationbetweervariables
(channels)yo to zero, i.e., making output signalsthat are sta-
tistically independentThe ICA processonsistof two phases:
thelearningphaseandtheprocessingghase Duringthelearning
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Figure 5. ICA ACTIVATION MAPS OBTAINED BY UNMIXING THE IN-
PUT SIGNALS. WE OBSERVE THAT THERE ARE ONLY THREE INDE-
PENDENT PATTERNS, INDICATING THE PRESENCE OF ONLY THREE
SEPARATE SIGNALS IN THE ORIGINAL DATA.

phasethelCA algorithmfindsamatrix W, which minimizesthe

Kullback-Leiblerdivergencebetweenthe multivariateprobabil-

ity densityandthe maminal distributions(p.d.f) of transformed
inputvectorsx(tx) (Amari, 1996):

‘ ‘ f
ow) = [ f(ylog— X~y ©
where
y(t) = HT];NX(tk) (7)

TheW matrixis iteratively adjustedo minimizeintegral (6) by
usingthe datavectorsx(ty):

Wig1 = Wit Hic- (I + (1= 2-y(t) - (Wi X(t) T) - Wi, (8)

wherely is alearningrateandl is the identity matrix (Makeig,
1994). We decreasehe learningrate during the iterationsand

1 af : 1 1
0 o O 0
-1 -1l : -1 -1
-2 -2 -2 -2
-3 -3 -3 -

50 100 150 50 100 150 50 100 150 50 100 150
1 af : 1 af :
Of O A OM\/W\\J [
1 o h 1 o :
-2 -2 -2 -2
3 _ - _

50 100 150 50 100 150 50 100 150 50 100 150
1 1 ; 1 1 ;
o OW OM/\,W\J OMM,\/
-1 -1 -1 -1
-2 -2 -2 -2
-3 -3 -3 -

50 100 150 50 100 150 50 100 150 50 100 150
1 1 : 1 1foA° :
0 0 0 0
-1 -1 -1 -1
-2 -2 -2 -2
-3 -3 -3 -

50 100 150 50 100 150 50 100 150 50 100 150
1 1/ : 1 fon” :
0 0 0 0
-1 -1 B b -1 -1
-2 -2 -2 -2
-3 -3 -3 -3

50 100 150 50 100 150 50 100 150 50 100 150
1 f : 1 af :
OM 0 OW\\/WV\\I/ DWM\,/
-1 -1 : -1 -1 : B
-2 -2 -2 -2
3 3 _ _

50 100 150 50 100 150 50 100 150 50 100 150
1 1 . . 1 1 . .
OWV 0 A OW () e
Y Sl : Y Sl h
-2 -2 -2 -2
-3 _ ~ _

50 100 150 50 100 150 50 100 150 50 100 150
1 1 . . 1 1 . .
O] O O O]
i Sl : i Sl :
-2 -2 -2 -2

50 100 150 50 100 150 50 100 150 50 100 150

Figure 6. THE PROJECTION OF THE FIRST ACTIVATION MAP FROM
FIGURE 5 ONTO THE 32 ELECTRODES.

stop when p, becomessmallerthan 10-, or in other words,
when on consecutie stepsthe unmixing matrix W does not
changeby morethan10-6.

The secondphaseof the ICA algorithmis the actualsource
separation.Independentomponentgactivations)canbe com-
putedby applyingthe unmixingmatrix W to theinitial data:

u(ti) = W - x(tw). ©)

There are several assumptionsone needsto make about the
sourcesn orderto uselCA algorithms:

- the sourceganustbe independengsignalscomeform statis-
tically independenbrainprocesses);

- thereis no delayin signalpropagatiorfrom the sourceso
detectors(conductingmediawithout delaysat sourcefre-
guencies);

- themixtureis linear(Laplaces equations linear);

- the numberof independensignal sourcesdoesnot exceed
the numberof electrodeqwe expectto have fewer strong
sourceghanour 32 electrodes).

ICA returnsthe sourceactivationsup to permutationandscale,
becauseét operatesn distribution functions,which do not de-
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Figure 7. SCALP SURFACE POTENTIAL MAP DUE TO SEVERAL
DIPOLES, CORRESPONDING TO TIME T=160MS FROM THE SIG-
NALS SHOWN IN FIGURE 4.

pendon the relative strengthor order of the signals(this also
meansthat the relative polarities of the obtainedsignalsare
meaningless)After computingthe unmixing matrix W, we can
separatehe independensourcesignalsusing(9). Projectionof
independenactivation mapsbackonto the electrodearrayscan
bedoneby:

% (t) =W V- ui(ty), (10)

whereX! (i) is thesetof scalppotentialgdueto justthei™ source.

As such,ICA allowsusto reconstrucsurfacepotentialghat
would exist dueto eachdipole asif it werethe only source.For
example,if theoutputof ICA givesthreestrongactivationchan-
nels,thatmeanswe will belooking for only threedipoles. Pro-
jectingeachactivationmaponthescalpelectrodegivesusthree
differentmaps eachwith atime sequencef values.For eachac-
tivationmap,we chooseonevaluefrom thetime sequencéfixed
pointin time),andthenuseeachmapto localizeonedipoleusing
the downhill simplex method. The resultsof nhumericalexperi-
mentsarepresentedh thenext section.

NUMERICAL SIMULATIONS
We preparedhesimulateddataasdescribedn the previous
sections.Thetime dependentourseof 180 msfor all 32 chan-

Figure 8. PROJECTION OF THE FIRST ICA COMPONENT ONTO THE
32 CHANNELS AT TIME T=160MS.

nelsis shavn in Figure4. We alsoprovide a color mappedplot
of the potentialson the surfaceof the headfor the time stepat
160msin Figure7. As canbe seenin this figure, the distribu-
tion of potentialsonthe scalpcanhardlybeattributedto asingle
dipole, but ratherto a configurationof several dipoles. We per
form the ICA procedureon the giventime dependenEEG data
andthe resultingactivationmapsareshown in Figure5. Notice
thatthereare only threedifferentactivation patternspresented,;
therestareeitherredundanbr are essentiallynoise. Projecting
thefirstactivationonall 32 channelswe getthesignalsshovnin
Figure6, which arethe potentialdueto thesingletemporalobe
dipole. Plotting the potentialsagainfor the time stepat 160 ms
in Figure 8, onecaneasilyrecognizethe surfacepotentialmap
asresultingfrom the activationa singledipolesource.

We cannow checkthe accurag of the ICA decomposition
by comparingt to theresultsof theforward problemsimulation
run with two of the threedipoles“turned off”. BecausdCA
doesnot presere scale,we use correlationcoeficients as our
metric for comparingthe potentialsat the electrodes.The sets
of electrodepotentialsare viewed asvectorsin N-space(in our
caseof 180time steps,N = 180) andthe cosineof the “angle”
betweerthemis calculatedby takingthe dot-productof the two
vectorsafterthey’ve beennormalized. For the jth channelthe
correlationcoeficientwill be:

— 11
i) T%| (1)
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A valueof CCj = 1 indicatesthatthe simulatedandICA recov-
eredtime seriesatthatelectrodeareidenticalup to ascalingfac-
tor. ThelCA error canthusbe cumulatively estimatedover all
electrodesver the entiretime sequencehy evaluatingthe root-
mean-squaréRMS) differenceof CC; from 1 over all channels:

J 5 (00, - 177/32 (12)

=

Evaluatedwith the above formula, our threeactivation projec-
tionsrestoredhe original (unmixed) potentialdistribution with
RMS errorsof 3%, 4% and10%,respectiely.

We thenappliedthe downhill method(Nedler, 1965)to find
the minimum of the multidimensionalcost function. In an N
dimensionakpacethe simplex is a geometricafigure thatcon-
sistsof N+1 interconnectedertices(for example,in ourcasewe
have a 6 dipole parametersso the simplex has7 vertices). The
downhill simplex methodminimizesafunctionby takingaseries
of steps,eachtime maoving the pointin the simplex away from
wherethefunctionis largest.Occasionallthemethodcorverges
to non-physicakolutionsandmustberestartedHuang,1996).

Thelocalizedtemporallobedipolewasfoundto beaccurate
within 7 mm of the actualsource.We repeatedhis localization
procedurdor theoccipitalandfrontallobedipolesandwereable
to determingheir positionswith errorsof 9 and16 mm, respec-
tively.

CONCLUSIONS

We have presentedhn algorithmthat reduceshe complex-
ity of localizingmultiple neuralsourcesy exploiting the time-
dependencef the data. We have shovn thaton arealistichead
model with simulatedEEG data, our algorithm is capableof
correctly predictingthe numberof independensourcesin the
model and reconstructingpotentialsdue to eachsourcesepa-
rately Thesepotentialmapscanbe successfullyusedby source
localizationmethodgo independentlyocalizeseparatsources.
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