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Abstract

Virtual reality (VR) provides immersive and controllableexperimentalenvironments. It expandsthe
boundsof possibleevokedpotential(EP)experimentsby providing complex, dynamicenvironmentsin
orderto studycognitionwithout sacri�cing environmentalcontrol. Theadditionof quick,on-lineanaly-
sisenablesfeed-backto subjects,makingthesystemwe presentidealfor safeBrain ComputerInterface
(BCI) research.In this context, we describeanexperimentto recognizetheexistenceof P3EPepochsat
redstoplightsandtheabsenceof thissignalatyellow stoplightsin avirtual driving environment.In order
to determinetheplausibility of singletrial on-lineP3epochanalysisin theartifact riddendriving envi-
ronment,wehavecomparedtheuseof IndependentComponentAnalysis(ICA), aKalman�lter , a robust
Kalman�lter , andcorrelationwith thestoplightaveragesfor recognitionability off-line. We reportthat
while all methodsperformbetterthancorrelation,therobustKalman�lter givesthehighestrecognition
accuracy anddiscussfuturework in this context.
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1 INTRODUCTION

Thecontrollabilityof VR makesit anexcellentcandidate
for usein studyingcognition. It expandsthe boundsof
possibleevokedpotential(EP) experimentsby providing
complex, dynamicenvironmentsin order to study deci-
sionmakingin cognitionwithout sacri�cing environmen-
tal control.Wehaveintegrateduseof aNeuroScanacqui-
sition systemwith eye trackinginsideof a VR helmetin
orderto obtainmultiple indicatorsof cognitive statein a
dynamicdriving environment.While we arenot the �rst
to usetheEEGsignalin VR (see[Nelsonet al., 1997]for
anotherexample),we are the �rst to classify the P3 EP
reliably in subjectsperformingin animmersive,dynamic
VR world.

The ability of the systemto give quick feedbackenables
it to be usedin brain-computerinterface(BCI) research,
which is aimedat helpingindividualswith severemotor
de�cits to becomemoreindependent.RecentBCI work
hasshownthefeasibilityof on-lineaveragingandbiofeed-
backmethodsin orderto choosecharactersor moveacur-
soron a computerscreenwith up to 95%accuracy while
sitting still and concentratingon the screen[McFarland
etal., 1993;Pfurtschelleretal., 1996;Vaughnetal., 1996;
Farwell and Donchin, 1988]. Our focus is to dramati-
cally extend the BCI by allowing the P3 EP to propel
the userthroughalternatevirtual environments. For ex-
ample,a usercould choosea virtual living room from a
menuof rooms,navigateto theliving roomautomatically
in the head-mounteddisplay, andthenchooseto turn on
thestereo.

The dynamicnatureof the VR environmentencourages
eye andheadmovement.In orderto testthefeasibility of
on-linerecognitionin sucha noisyenvironment,we rec-
ognizedthe P3 EP, discoveredby [Chapmanand Brag-
don, 1964; Suttonet al., 1965] and extensively studied
(see[Polich, 1998] for a literaturereview). It is a pos-
itive waveformoccurringapproximately415 ms after an
infrequenttask-relevantvisualstimulus.We show thatre-
quiringsubjectsto stopat redstoplightselicitedthisEP.

Resultsusingcorrelationwith the signalaverages,Inde-
pendentComponentAnalysis(ICA), a Kalman�lter , and
a robustKalman�lter indicatethatall methodsrecognize
a signi�cant amountof P3's, but that the robust Kalman
�lter performedslightly betterthantherest.

2 THE SYSTEM

The systemis shown in Figure1. The heartof this sys-
temis theNeuroScancommercialpackagefor EEGsig-
nal acquisition(calledAcquire). This programreceives
theampli�ed EEGsignalinputaswell asintegerstimulus
“trigger” codes.

After theEEGsignalandtriggercodesentertheAcquire
program,they aregrabbedfrom theacquisitionbuffer via
a dynamiclinkedlibrary (DLL) providedby NeuroScan.
This library enablesthe recognitionsoftwareto have ac-
cessto theunprocesseddataandtriggercodes.TheDLL is
calledfrom within theRecognitionandBiofeedbackpro-
gram.TheRecognitionandBiofeedbackprogramchooses
whichdata(in a continuousrecording)needto besentfor
furtherprocessingvia theMatlabprogram.This program
maygive audiofeedbackto theuserafterrecognitionoc-
curs,sendreturninformationto the SGI througha serial
port interface, save recognitiondata, calculatewhether
recognitionhas actually occurred(using trigger codes),
andcanreadpreviouslyprocesseddatafrom a matlab�le
for ademonstrationof thespeedof recognition.

In order to enableeasyuseof different recognitionrou-
tines,all routinesarematlabm-�les. While compiledpro-
gramsare fasterthan m-�les, we have not developeda
problemwith speedand�nd thegeneralinterfaceencour-
agestheuseof new computeralgorithmsfor processing.

The virtual reality interfaceis renderedon an Onyx Sil-
icon Graphicsmachinewith 4 processorsandan In�nite
RealityGraphicsEngine.Theenvironmentis presentedto
thesubjectthroughahead-mounteddisplay(HMD). Since
scalpEEGrecordingsaremeasuredin microvolts,electri-
cal signalsmayeasilyinterfereduringanexperiment.We
testedthe effectsof wearinga VR4 HMD containingan
ISCAN eye tracker and discoveredthat the noiselevels
inside of the VR helmetwere comparableto noiselev-
els while watchinga laptopscreen[Bayliss andBallard,
1998].

3 THE STOPLIGHT EXPERIMENT

PreviousP3researchhasconcentratedprimarily on static
environmentssuch as the continuousperformancetask
[Rosvold et al., 1956]. In the visual continuousperfor-
mancetask,staticimagesare�ashed on a screenandthe
subjectis told topressabuttonwhenararestimulusoccurs
or to countthenumberof occurrencesof a rarestimulus.
This makesthestimulusbothrareandtaskrelevantin or-
der to evoke a P3. As an example,givenred andyellow
stoplightpictures,a P3 shouldoccurif the red pictureis
lessfrequentthantheyellow andsubjectsaretold to press
a mousebuttononly duringtheredlight.

We assumedasimilar responsewouldoccurin aVR driv-
ing world if red stoplightswere infrequentand subjects
weretold to stoptheirvirtual carsat theredlight. In order
to make yellow lights morefrequent,bothgreenandred
lightswereproceededby yellow lights. Redlightschange
to greenafter3 secondsandtheredlight conditionis trig-
geredonly whensubjectsarecloseto thestoplightsothat
subjectswill have to begin stoppingwhentheredlight is
triggered.
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Figure1: A schematicof theon-linerecognitionsystemconstructedfor real-timeEPsignalanalysis.

Figure2: (Left) An individualdemonstratesdriving in themodi�ed gocartwhile wearinganelectrodecap(notusedfor thisexperiment).
(Right) A typical stoplightscenein thevirtual environment.



The subjectsuseda modi�ed go cart in orderto control
the virtual car (seeFigure 2. We chosego cart driving
becauseit is morelikea“natural”driving taskthandriving
andstoppingwith a mouse.While this choicemaycause
amoreartifactsin thesignalcollection(dueto turningthe
steeringwheelandbraking),mostof theactualartifact in
thedatawasdiscoveredto bedueto eyemovement.

A triggerpulsecontaininginformationaboutthecolor of
thelight wassentto theEEGacquisitionsystemwhenever
a light changed. While an epochsize from -100 ms to
1 secwasspeci�ed, the datawasrecordedcontinuously.
Informationaboutheadpositionaswell asgas,braking,
andsteeringpositionweresavedto anexternal�le.

Eight electrodessites(FZ, CZ, CPZ,PZ, P3,P4,aswell
as2 verticalEOGchannels)werearrangedontheheadsof
threesubjects5 with alinkedmastoidreference.Electrode
impedanceswerebetween2 and5 kohmsfor all subjects.
TheEEGsignalwasampli�ed usingGrassampli�ers with
an analogbandwidthfrom 0.1 to 100 Hz. Signalswere
thendigitizedatarateof 500Hz andstoredto acomputer.

In order to determinethat the P3 EP occurredonly at
red stoplights,we calculatedthe averagesover red light
and yellow light trials with trials wherethe subjectran
a red light (approximately2 per subject)removed (see
Figure3). As expected,the dataobtainedwhile driving
containedartifacts. In orderto reducetheseartifactsbe-
foreaveraging,we preprocessedthedataandsubtracteda
combinationof eye andheadmovementartifactusingthe
linearregressiontechniquedescribedin [Semlitschet al.,
1986].Resultsshow thataP3EPindeedoccursat redand
notyellow lights.

4 RECOGNITION RESULTS

While averagesshow the existenceof the P3 EP at red
lightsandtheabsenceof suchat yellow lights,we needed
to discover if the signal was clean enoughfor single
trial recognitionas the quick feedbackneededby a BCI
dependson quick recognition. We tried four methods
for classi�cation of the P3 EP: correlation,independent
componentanalysis(ICA), a Kalman�lter , anda robust
Kalman�lter . Approximately, 90 yellow light and45 red
light trials from eachsubjectwereclassi�ed. Thereason
we alloweda yellow light biasto enterrecognitionis be-
causetheyellow light currentlyrepresentsanunimportant
eventin theenvironment.In arealBCI unimportantevents
arelikely tooccurmorethanuser-directedactions,making
this biasjusti�able.

All of the methodsused data preprocessedwith the
methoddescribedin the previous section. The overall
recognitionresultsin Table1 suggestthat both kinds of
Kalman�lter andICA have a statisticallysigni�cant ad-
vantageover correlation(������� ��� ). The robustKalman
�lter hasa very smalladvantageover theregularKalman

Table2: RecognitionResultsfor ReturnSubjects

RobustK-Filter % Correct
Subjects Red Yel Total
S4 73% 90% 85%
S5 67% 87% 80%

�lter andbothKalman�lters havea slightadvantageover
ICA (notstatisticallysigni�cant).

In order to look at the reliability of the best algorithm
two of theSubjects(S4andS5) returnedfor anotherVR
driving session.Theresultsof this sessionusingtheRo-
bust KalmanFilter trainedon the �rst sessionareshown
in Table2. The recognitionnumbersfor red andyellow
lightsbetweenthetwo sessionswerecomparedusingcor-
relation.Redlight scoresbetweenthesessionscorrelated
fairly highly - 0.82 for S4 and0.69 for S5. The yellow
light scoresbetweensessionscorrelatedpoorly with both
S4 andS5 at around-0.1. This indicatesthat the yellow
light epochstendto correlatepoorly with eachotherdue
to thelackof a largecomponentsuchastheP3to tie them
together. Detailsof thecomparisonsaredescribedbelow.

In orderto createa baselinefrom which to comparethe
performanceof otheralgorithms,we calculatedthe cor-
relationof all sampletrials with the red andyellow light
averagesfrom themaximalelectrodesitefor obtainingthe
P3for eachsubjectusingthefollowing formula:
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where
�

��� �!��
 and �.%�
 areboth �0/21.�.� vectorsrepre-
sentingthe trial epochsandlight averages(respectively).
We usedthe whole trial epochfor recognitionbecauseit
yieldedbetterrecognitionthanjust the time areaaround
theP3. If thehighestcorrelationof a trial epochwith the
redandyellow averageswasgreaterthan0.0,thenthesig-
nalwasclassi�edasthattypeof signal.If bothsignalscor-
relatednegatively, thesignalwascountedasayellow light
signal.As canbeseenin Table1, thecorrectsignaliden-
ti�cation of redandyellow light epochsusingthis simple
techniquewasquitehigh,althoughthecorrelationsin gen-
eral were poor with typical correlationaveragesaround
0.25.

Independentcomponentanalysis(ICA) assumesthat 3

EEG datachannels4 area linear combinationof 3 sta-
tistically independentsignals

�

:

4

�65

�

(2)

where4 and
�

are 3

/7� vectors.Weusedthematlabpack-
agementionedin [Makeigetal., 1997]with default learn-
ing values,which �nds a matrix 8 by stochasticgradient
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Figure3: Theleft sideshows grandaveragesfor redandyellow lights for sitePZ afterreducingeye artifact. Theeye movementgrand
averagesareshown on theright. Notethatthereis noartifactualpeakaroundtheareaof theP3in theredlight average.All averageshave
beenlow pass�ltered at 30 Hz for this graph,althoughepochswerenot �ltered duringrecognition.

descent.This matrix 8 performscomponentseparation.
All datawasspheredin orderto speedconvergencetime.

ICA hassuccessfullybeenusedin orderto minimize ar-
tifactsin EEGdata[Junget al., 1997;Vigario,1997]and
hasalsoproven useful in separatingP3 componentdata
from an averagedwaveform [Makeig et al., 1997]. The
next experimentusedICA in orderto try to separatethe
backgroundEEG signal from the P3 signal. After train-
ing the 8 matrix, thesourcechannelshowing theclosest
P3-likesignalfor theredlight averagedatawaschosenas
thesignalwith which to correlateindividual epochs.The
trained 8 matrix wasalsousedto �nd thesourcesof the
yellow light average.Theredandyellow light responses
werethencorrelatedwith individual epochsourcesin the
mannerof the �rst experiment.We tried trainingon both
the averagered light signal and the separatered light
epochsand found that training on the �rst 7 P3 epochs
led to betterclassi�cationin all cases.

The third experimentusedthe Kalman �lter framework

formulatedby Rao [Rao, 1997]. The Kalman �lter as-
sumesa linear modelsimilar to the oneof ICA in equa-
tion 2, but assumesthe EEG output 4 is the observable
outputof a generative or measurementmatrix 5 andan
internal statevector

�

of Gaussiansources. The output
mayalsohave anadditionalnoisecomponent� , a Gaus-
sianstochasticnoiseprocesswith meanzeroandacovari-
ancematrix givenby
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����� �)����� , leadingto themodel
expression: 4
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� . In orderto �nd the mostop-
timal valueof
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, a weightedleast-squarescriterionis for-
mulated:
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where
�

follows a Gaussiandistribution with mean
�

and
covariance� . Minimizing this criterionby setting ���
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yieldstheKalman�lter equation,which is basicallyequal
to theold estimateplustheKalmangaintimestheresidual



Table1: RecognitionResults(� � ��� ��� )

Corr elation %Corr ect ICA %Corr ect K-Filter/R K-Filter %Corr ect
Subjects Red Yel Total Red Yel Total Red Yel Total
S1 81% 51% 64% 76% 77% 77% 54%/55% 85%/86% 76%/77%
S2 95% 63% 73% 86% 88% 87% 82%/82% 96%/94% 92%/90%
S3 89% 56% 66% 72% 87% 82% 61%/74% 85%/85% 77%/81%
S4 81% 60% 67% 73% 69% 71% 63%/65% 90%/91% 81%/82%
S5 63% 66% 65% 65% 79% 74% 78%/78% 92%/92% 87%/87%

error.
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In ananalogousmanner, themeasurementmatrix 5 may
be estimated(learned)if oneassumesthe physicalrela-
tionshipsencodedby the measurementmatrix are rela-
tively stable.The learningrule for themeasurementma-
trix maybederivedin a mannersimilar to therule for the
internal statevector. In addition, a decayterm is often
neededin orderto avoid over�tting thedataset.See[Rao,
1997]for details.

In ourexperimentsboththeinternalstatematrix
�

andthe
measurementmatrix 5 werelearnedby training themon
theaverageredlight signal(asasingle 1.�.� / � inputvec-
tor)andtheaverageyellow light signal.Thesignalis mea-
suredfrom thestartof thetrial which is known sinceit is
triggeredby the light change.In orderto speedup train-
ing,wemadeasimplifyingassumptionthatthecovariance
matricesin Equation4wereequalto � andthattheKalman
gainwasequalto 0.6. Thedecayusedwasequalto 0.3.
After training,thesignalestimatefor eachepochis corre-
latedwith theredandyellow light signalestimatesin the
mannerof experiment1.

Theresultsshow thattheKalman�lter generallyperforms
betterthanICA, with theexceptionof S2.TheKalman�l-
ter techniquemaybeviewedastemplatematching,which
suggeststhatmostepochsarerelativelysimilarto theover-
all average. Correlationsfor this techniquewere much
higherthantheothertechniquesandredlight correlations
below a thresholdrangingfrom 0.8-0.91(dependingon
the subject)wereassumedto be so poor that they were
classi�edasyellow light matches.

Thelastexperimentusedarobustversionof thepreviously
describedKalman�lter . Robustnesscomesfrom ignoring
partsof theEEGsignalthat fall outsidea standarddevia-
tion of 1.0 from thesignalstheKalman�lter wastrained
with. Thus,a robust �lter shouldtreatsuddennoisy ac-
tivity asanocclusionof theEEGsignal. As canbeseen
from the resultsin Table1, the resultsdid not differ sig-
ni�cantly from the Kalman �lter results,indicating that
thepreprocessingof theEEGsignalremovedmostof the
largeartifactualdatafrom thesignal.

5 DISCUSSION

We haveshown thatsingletrial EPsignalsobtainedwhile
subjectsdrive througha VR driving environmentmaybe
classi�edasP3or non-P3accurately. Our resultssuggest
that building a braincomputerinterfaceusingthe P3 EP
asin [FarwellandDonchin,1988]wouldprovefeasiblein
thedynamicVR environment.Variationsbetweendiffer-
entsubjectsessionsmaybedueto slightly differentelec-
trode placementor impedance.Training on-line during
the�rst few dataepochswill helpremove thesefactorsin
orderto giveabetterindicationof algorithmreliability.

Currentresultsshow thatyellow light epochshave a high
variance,makingyellow lightsdif�cult to classifyreliably
while red light epochsaremorereliable. In the context
of a BCI, we believethattheunreliabilityof yellow lights
maygive usan indicationof how well thealgorithmwill
performwhentrying to recognizeanintendedaction(such
asa buttonpress)vs. nonintendedaction.

While the best performing algorithm was the robust
Kalman�lter , ICA showedsimilar results. Theseresults
mightbeimprovedif adifferenttechniquefor recognizing
theredandyellow lights wereused.In thefuture,we ex-
pectto look at methodssuchasDSLVQ [Pregenzeret al.,
1996]for recognizingthedifferentlights.
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