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ABSTRACT
Estimatingthe locationanddistribution of electriccurrent

sourceswithin the brain from electroencephalographic(EEG)
recordingsis anill-posedinverseproblem.The ill-posednature
of the inverseEEG problemis dueto the lack of a uniqueso-
lution suchthatdifferentconfigurationsof sourcescangenerate
identicalexternalelectricfields.

In this paperwe considera spatio-temporalmodel, taking
advantageof the entireEEG time seriesto reducetheextentof
theconfigurationspacewemustevaluate.Weapplytherecently
derived infomaxalgorithmfor performingIndependentCompo-
nentAnalysis(ICA) onthetime-dependentEEGdata.Thisalgo-
rithm separatesmultichannelEEGdatainto activationmapsdue
to temporallyindependentstationarysources.For every activa-
tion map we performa sourcelocalizationprocedure,looking
only for a singledipolepermap,thusdramaticallyreducingthe
searchcomplexity. An addedbenefitof our ICA preprocessing
stepis that we obtainan a priori estimationof the numberof
independentsourcesproducingthemeasuredsignal.

INTRODUCTION
Electroencephalography(EEG) is a techniquefor the non-

invasivecharacterizationof brainfunction. Scalpelectricpoten-
tial distributionsareadirectconsequenceof internalelectriccur-

rentsassociatedwith neuronsfiring andcanbemeasuredat dis-
creterecordingsiteson thescalpsurfaceover aperiodof time.

Estimationof thelocationanddistributionof currentsources
within the brain from the potentialrecordingon the scalp(i.e.,
sourcelocalization)requiresthesolutionof an inverseproblem.
Thisproblemis ill-posedin theHadamardsense;specifically, its
solution is not necessarilyunique. Physically, this is a conse-
quenceof the linear superpositionof theelectricfield. Specifi-
cally, differentinternalsourceconfigurationscanprovide iden-
tical externalelectromagneticfields. Additionally, only a finite
numberof measurementof scalppotentialareavailable,increas-
ing theill-posednessof theproblem.

There exist several different approachesto solving the
sourcelocalizationproblem. Initially, most of thesewere im-
plementedon anon-realisticsphericalmodelof thehead.Those
methodswhichprovedpromisingwerethenextendedto work on
realistic geometry. One of the most generalmethodsinvolves
startingfrom someinitial distributedestimateof thesourceand
thenrecursively enhancingthestrengthof someof the solution
elements,while decreasingthestrengthof therestof thesolution
elementsuntil they becomezero. In theend,only a smallnum-
ber of elementswill remainnonzero,yielding a localizedsolu-
tion. This methodis implemented,for example,in theFOCUSS
algorithm(Gorodnitsky, 1995).

Anotherapproachincorporatesa priori assumptionsabout
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sourcesandtheir locationsin themodel.Electriccurrentdipoles
areusuallyusedassources,provided that the regionsof activa-
tions are relatively focused(Nunez,1981). Although a single
dipolemodelis themostwidely usedmodel,it hasbeendemon-
stratedthat a multiple dipole model is requiredto accountfor
a complex field distribution on the surfaceof the head(Supek,
1993).

Finally, there is a group of algorithmsthat utilize a time
courseof dipole activations. Here, ratherthanfit the assumed
dipoleson an instant-by-instantbasis,they are fitted by mini-
mizing theleast-squareerrorresidualover thetheentireevoked
potentialepoch(Scherg, 1985). A moreadvancedapproached
is developedin the multiple signal characterizationalgorithm,
MUSIC, and in its extension,RAP-MUSIC. Thesealgorithms
useprincipal componentsubspaceprojectionsto find multiple
dipolesources(Mosher, 1992).

In this paperwe proposea new approachto the problem
of sourcelocalizationfor the inverseEEG problem. Our so-
lution consistsof two steps. First, we preprocessthe time de-
pendentdata,usingtheIndependentComponentAnalysis(ICA)
(Bell, 1995;Amari, 1996)signalprocessingtechnique.There-
sult of the preprocessingis a setof time-seriessignalsat each
electrode,whereeachtime-seriescorrespondsto anindependent
sourcein the model. The numberof differentmapscreatedby
the ICA is equalto the numberof temporallyindependent,sta-
tionarysourcesin the problem. To localizeeachof theseinde-
pendentsources,we solve a separatesourcelocalizationprob-
lem. Specifically, for eachindependentcomponent,we choose
aninstantin timefrom thesignalandemploy adownhill simplex
searchmethod(Nedler, 1965)to determinethedipolewhichbest
accountsfor thatparticularcomponent’scontributionof themea-
suredpotentialsat theelectrodes.

In our study we use simulateddata obtainedby placing
dipoles in the brain in positionscorrespondingto physiologic
phenomena.Wechoseto incorporatethreephysiologicallyplau-
siblesources:thefirst in thetemporallobe(correspondingto an
epilepticfocus),thesecondin theoccipital lobe(corresponding
to observedvisualevokedresponse(ERP)studies),andthethird
in the frontal lobe (correspondingto languageprocessing).For
eachof thesesources,weusedatimesignalfrom aclinical study
to definetheir magnitudesover time. Thatis, we placethethree
currentdipolesinsideour finite elementmodel,andfor eachin-
stantin time, we projecttherealisticERP-lengthactivationsig-
nalsonto32 clinically measuredscalpelectrodepositions.The
electrodepositionsareshown in Figure1. Projectingthesources
ontotheelectrodesrequiresthesolutionof a forwardproblem.

FORWARD PROBLEM
The EEG forwardproblemcanbe statedasfollows: given

positionand activationsof dipole currentsources,and the ge-
ometryandelectricalconductivity 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,calculatethedistributionof theelectricpotentialonthe
surfaceof thehead(scalp).Mathematically, this problemcanbe
describedby Poisson’s equationfor electricalconductionin the
head(Plonsey, 1995):

∇ � � σ∇Φ ����� ∑ Is � in Ω (1)

andNewmanboundaryconditionson thescalp

σ
�
∇Φ � � n � 0 � on ΓΩ � (2)

whereσ is a conductivity tensorand Is arethevolumecurrents
densitydueto currentdipolesplacedwithin the head. The un-
known Φ is the electric potential createdin the headby the
distribution of currentfrom the dipole sources.To solve Pois-
son’sequationnumerically, westartedwith theconstructionof a
computationalmodel.Therealisticheadgeometrywasobtained
from MRI data,wherethevolumewassegmentedandeachtis-
suematerialwaslabeledin theunderlyingvoxels(Wells,1994).
Thesegmentedheadvolumewasthentetrahedralizedvia amesh
generatorwhichpreservedtheclassificationwhenmappingfrom
voxels to elements(Schmidt,1995). For eachtissueclassifica-
tion, we assigneda conductivity 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 theclassifiedmeshis shown in Fig-
ure2. Wethenusedthefinite elementmethod(FEM) to compute
asolutionwithin theentirevolumedomain(Jin,1993).TheFEM
hastheadvantagethatweareableto placecurrentsourcesin any
location(not only on the meshnodesasin the finite difference
method)by simply re-tetrahedralizingthe surroundingvolume
with aWatson-stylealgorithm(Watson,1981)afterinsertingthe
sources. Our headmodel consistedof approximately768,000
elementsandN � 164� 000nodes.

UsingFEM we obtainthesystemof equations

Ai jΦ j � bi � (3)

whereAi j is anN � N stiffnessmatrix,bi is asourcevectorand
Φ j is vectorof unknow potentialsoneverynode.TheA matrix is
sparse(approximately2,000,000non-zeroesentries),symmetric
andpositivedefinite.

The solution of this linear systemwas computedusing a
parallel conjugategradient(CG) methodand requiredapprox-
imately 12 secondsof wall-clock time on a 14 processorSGI
Power Onyx with 195 MHz MIPS R10000processors.Theso-
lution to a single dipole sourceforward problemis visualized
in Figure3. In this image,we displayan equipotentialsurface

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
spheres,cut-throughtheinitial MRI datawith orthogonalplanes,
andrenderthe surfacepotentialmapof the bioelectricfield on
thecroppedscalpsurface.

In orderto obtaintimedependentdata,we assignedthedif-
ferenttime activationsdescribedabove to thedipolesandcom-
putedthe resultingprojectionon all electrodesasa function of
time. Weconsidereda32electrodemodelfor thisstudy.

The solutionof the forwardproblemis needednot only to
derive thesimulatedelectroderecordings,but alsolateronasthe
iteratively appliedenginefor solvingtheinversesourcelocaliza-
tion problem.

INVERSE PROBLEM
ThegeneralEEGinverseproblemcanbestatedasfollows:

given a time dependentsetof electricpotentialson the surface
of theheadandtheassociatedpositionsof thosemeasurements,
aswell asthegeometryandconductivity of thedifferentregions
within the head,calculatethe locationsand magnitudesof the
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electriccurrentsourceswithin thebrain.Mathematically, it is an
inversesourceproblemin termsof the primary electriccurrent
sourceswithin thebrainandcanbedescribedby thesamePois-
son’s equationasthe forward problem(1), but with a different
setof boundaryconditionson thescalp:

σ
�
∇Φ � � n � 0 � and Φ � φ on ΓΩ � (4)

whereφ is theelectrostaticpotentialon the surfaceof the head
known at discretepoints- electrodelocations,and Is in (1) are
now unknown currentsources.

The solution to this inverseproblemcanbe formulatedas
finding a leastsquaresfit of a setof currentdipolesto the ob-
serveddatafor a singletime step,or minimizationwith respect
to themodelparametersof thefollowing costfunction:

	

� 32

∑
j � 1

�
φ j � φ̂ j � 2 
 32� (5)

whereφi is thevalueof themeasuredelectricpotentialon the ith

electrodeandφ̂i is the resultof the forwardmodelcomputation
for a particularchoiceof parameters;the sumextendsover all
channels.

To employ the above methodwe must solve the forward
problemfor everypossibleconfigurationandnumberof dipoles.
Eachdipolein themodelhas6 parameters:locationcoordinates
(x, y, z), orientation(θ, φ) and time-dependentdipole strength
P
�
t � . Thenumberof dipolesis usuallydeterminedby iteratively

addingonedipoleata timeuntil a “reasonable”fit to thedatahas
beenfound. Even whenrestrictingthe locationof thedipole to
thelatticesites,theconfigurationspaceis factorially large.This
is a bottleneckof many localizationprocedures(Supek,1993;
Harrison,1996).

Assumenow that we have somehow managedto filter the
signalson theelectrodes,suchthatweknow electrodepotentials
dueto everydipoleseparately. Thenfor everysetof electrodepo-
tentialswe needto searchonly for onedipole,thusdramatically
reducingtheconfigurationspace.Wewill discussthis usefulfil-
teringtechniquein thenext section.

STATISTICAL PREPROCESSING OF THE DATA: INDE-
PENDENT COMPONENT ANALYSIS

In EEGexperiments,electricpotentialis measuredwith an
arrayof electrodes(typically 32/64/128)positionedprimarily on
thetophalf of thehead,asshown in Figure1. For studiesof the
humanvisual/auditorysystem(ERP studies),the dataare typ-
ically sampledevery millisecondduring the interval of interest
afterstimuluspresentation,andareaveragedover many 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 backgroundnoise. For a givenelectrodeconfiguration,
the time dependentdatacanbearrangedasa matrix, whereev-
erycolumncorrespondsto thesampledtimeframeandeveryrow
correspondsto a channel(electrode).For example,thedataob-
tainedby 32 electrodesin 180mscanbesampledin 180frames
andrepresentedasa matrix (32 � 180). Below we will refer to
this matrixasx

�
tk � , whereinsteadof acontinuousvariablet we

have sampledtime framestk.
Independentcomponent analysis (ICA) is a statistical

methodfor transforminganobservedmultidimensionalrandom
vectorinto componentsthatareasindependentfrom eachother
as possible(Bell, 1995). The algorithm achieves this by fac-
toring the multivariateprobability densityfunction of the input
signalsinto the productof fy � ∏i fyi

�
yi � probability density

functions(p.d.f.) of every independentvariable.This factoriza-
tion involvesmakingthe mutualinformationbetweenvariables
(channels)go to zero, i.e., makingoutput signalsthat are sta-
tistically independent.TheICA processconsistsof two phases:
thelearningphaseandtheprocessingphase.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.

phase,theICA algorithmfindsamatrixW, whichminimizesthe
Kullback-Leiblerdivergencebetweenthemultivariateprobabil-
ity densityandthemarginal distributions(p.d.f) of transformed
inputvectorsx

�
tk � (Amari, 1996):

D
�
W ����� f

�
y � log

f
�
y �

∏i fi
�
yi � dy � (6)

where

y
�
tk ��� 1

1 � e� W � x � tk ��� (7)

TheW matrix is iteratively adjustedto minimizeintegral (6) by
usingthedatavectorsx

�
tk � :

Wk� 1 � Wk � µk
� � I � � 1 � 2 � y � tk� � � Wk

� x � tk ��� T � � Wk � (8)

whereµk is a learningrateandI is the identity matrix (Makeig,
1994). We decreasethe learningrateduring the iterationsand
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Figure 6. THE PROJECTION OF THE FIRST ACTIVATION MAP FROM

FIGURE 5 ONTO THE 32 ELECTRODES.

stop when µk becomessmaller than 10� 6, or in other words,
when on consecutive stepsthe unmixing matrix W doesnot
changeby morethan10� 6.

Thesecondphaseof the ICA algorithmis theactualsource
separation.Independentcomponents(activations)canbe com-
putedby applyingtheunmixingmatrix W to theinitial data:

u
�
tk ��� W � x � tk � � (9)

There are several assumptionsone needsto make about the
sourcesin orderto useICA algorithms:

- thesourcesmustbe independent(signalscomeform statis-
tically independentbrainprocesses);

- thereis no delayin signalpropagationfrom thesourcesto
detectors(conductingmediawithout delaysat sourcefre-
quencies);

- themixtureis linear(Laplace’sequationis linear);
- the numberof independentsignalsourcesdoesnot exceed

the numberof electrodes(we expect to have fewer strong
sourcesthanour32electrodes).

ICA returnsthe sourceactivationsup to permutationandscale,
becauseit operateson 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 computingtheunmixingmatrix W, we can
separatethe independentsourcesignalsusing(9). Projectionof
independentactivationmapsbackonto theelectrodearrayscan
bedoneby:

x̂i � tk ��� W � � 1�
ki

� ui
�
tk � � (10)

wherex̂i � tk � is thesetof scalppotentialsdueto justtheith source.
As such,ICA allowsusto reconstructsurfacepotentialsthat

would exist dueto eachdipoleasif it weretheonly source.For
example,if theoutputof ICA givesthreestrongactivationchan-
nels,thatmeanswe will be looking for only threedipoles.Pro-
jectingeachactivationmaponthescalpelectrodesgivesusthree
differentmaps,eachwith atimesequenceof values.For eachac-
tivationmap,wechooseonevaluefrom thetimesequence(fixed
pointin time),andthenuseeachmapto localizeonedipoleusing
thedownhill simplex method. The resultsof numericalexperi-
mentsarepresentedin thenext section.

NUMERICAL SIMULATIONS
Wepreparedthesimulateddataasdescribedin theprevious

sections.Thetime dependentcourseof 180msfor all 32 chan-

Figure 8. PROJECTION OF THE FIRST ICA COMPONENT ONTO THE

32 CHANNELS AT TIME T=160MS.

nelsis shown in Figure4. We alsoprovide a color mappedplot
of the potentialson the surfaceof the headfor the time stepat
160 ms in Figure7. As canbe seenin this figure, thedistribu-
tion of potentialsonthescalpcanhardlybeattributedto asingle
dipole,but ratherto a configurationof severaldipoles.We per-
form theICA procedureon thegiventime dependentEEGdata
andtheresultingactivationmapsareshown in Figure5. Notice
that thereareonly threedifferentactivationpatternspresented;
the restareeitherredundantor areessentiallynoise.Projecting
thefirst activationonall 32channels,wegetthesignalsshown in
Figure6, whicharethepotentialsdueto thesingletemporallobe
dipole. Plottingthepotentialsagainfor the time stepat 160ms
in Figure8, onecaneasilyrecognizethe surfacepotentialmap
asresultingfrom theactivationasingledipolesource.

We cannow checktheaccuracy of the ICA decomposition
by comparingit to theresultsof theforwardproblemsimulation
run with two of the threedipoles“turned off ”. BecauseICA
doesnot preserve scale,we usecorrelationcoefficientsas our
metric for comparingthe potentialsat the electrodes.The sets
of electrodepotentialsareviewedasvectorsin N-space(in our
caseof 180 time steps,N � 180) andthecosineof the “angle”
betweenthemis calculatedby takingthedot-productof thetwo
vectorsafter they’ve beennormalized.For the jth channel,the
correlationcoefficientwill be:

CCj � ∑k
�
x j
�
tk � � x̂ j

�
tk ����

x j
� � � x̂ j

� (11)
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A valueof CCj � 1 indicatesthat thesimulatedandICA recov-
eredtimeseriesat thatelectrodeareidenticalupto ascalingfac-
tor. The ICA error canthusbe cumulatively estimatedover all
electrodesover theentiretime sequence,by evaluatingtheroot-
mean-square(RMS)differenceof CCj from 1 over all channels:

	

� 32

∑
j � 1

�
CCj � 1� 2 
 32 (12)

Evaluatedwith the above formula, our threeactivation projec-
tions restoredtheoriginal (unmixed)potentialdistribution with
RMSerrorsof 3%,4%and10%,respectively.

We thenappliedthedownhill method(Nedler, 1965)to find
the minimum of the multidimensionalcost function. In an N
dimensionalspace,thesimplex is a geometricalfigurethatcon-
sistsof N+1 interconnectedvertices(for example,in ourcasewe
have a 6 dipoleparameters,so thesimplex has7 vertices).The
downhill simplex methodminimizesafunctionby takingaseries
of steps,eachtime moving the point in the simplex away from
wherethefunctionis largest.Occasionallythemethodconverges
to non-physicalsolutionsandmustberestarted(Huang,1996).

Thelocalizedtemporallobedipolewasfoundto beaccurate
within 7 mm of theactualsource.We repeatedthis localization
procedurefor theoccipitalandfrontal lobedipolesandwereable
to determinetheir positionswith errorsof 9 and16 mm, respec-
tively.

CONCLUSIONS
We have presentedan algorithmthat reducesthe complex-

ity of localizingmultiple neuralsourcesby exploiting the time-
dependenceof thedata.We have shown thaton a realistichead
model with simulatedEEG data, our algorithm is capableof
correctly predictingthe numberof independentsourcesin the
model and reconstructingpotentialsdue to eachsourcesepa-
rately. Thesepotentialmapscanbesuccessfullyusedby source
localizationmethodsto independentlylocalizeseparatesources.
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