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Abstract

Virtual reality (VR) providesimmersve and controllableexperimentalervironments. It expandsthe
boundsof possibleevoked potential(EP) experimentsby providing comple, dynamicenvironmentsin
orderto studycognitionwithout sacri cing ervironmentalcontrol. Theadditionof quick, on-lineanaly-
sisenabledeed-backo subjectsmakingthe systemwe presenidealfor safeBrain Computernterface
(BCI) researchln this contet, we describean experimentto recognizehe existenceof P3EP epochsat
redstoplightsandtheabsence®f this signalat yellow stoplightsin avirtual driving ervironment.In order
to determinethe plausibility of singletrial on-line P3epochanalysisin the artifact riddendriving envi-
ronmentwe have comparedheuseof IndependenComponenfAnalysis(ICA), aKalman Iter , arobust
Kalman Iter , andcorrelationwith the stoplightaveragedor recognitionability off-line. We reportthat
while all methodsperformbetterthancorrelation the robustKalman Iter givesthe highestrecognition
accurag anddiscusguturework in this context.
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1 INTRODUCTION

The controllability of VR malkesit anexcellentcandidate
for usein studyingcognition. It expandsthe boundsof
possibleevoked potential(EP) experimentsby providing
comple, dynamicervironmentsin orderto study deci-
sionmakingin cognitionwithout sacri cing ernvironmen-
tal control. We have integrateduseof aNeuroScanacqui-
sition systemwith eye trackinginside of a VR helmetin
orderto obtainmultiple indicatorsof cognitive statein a
dynamicdriving ervironment. While we arenot the rst
to usethe EEG signalin VR (seg[Nelsonetal., 1997]for
anotherexample),we arethe rst to classifythe P3 EP
reliably in subjectsperformingin animmersve, dynamic
VR world.

The ability of the systemto give quick feedbackenables
it to be usedin brain-computeinterface(BCI) research,
which is aimedat helpingindividualswith sesere motor
de cits to becomemoreindependent.RecentBCI work
hasshavn thefeasibility of on-lineaveragingandbiofeed-
backmethodsn orderto choosecharactersr moveacur
soron a computerscreerwith up to 95% accurag while
sitting still and concentratingon the screen[McFarland
etal., 1993;Pfurtschelleetal., 1996;Vaughretal., 1996;
Farwell and Donchin, 1988]. Our focusis to dramati-
cally extend the BCI by allowing the P3 EP to propel
the userthroughalternatevirtual ernvironments. For ex-
ample,a usercould choosea virtual living room from a
menuof rooms,navigateto theliving roomautomatically
in the head-mountedisplay andthenchooseto turn on
thestereo.

The dynamicnatureof the VR ernvironmentencourages
eye andheadmovement.In orderto testthe feasibility of
on-line recognitionin sucha noisy ervironment,we rec-
ognizedthe P3 ER, discoveredby [Chapmanand Brag-
don, 1964; Suttonet al., 1965] and extensvely studied
(see[Polich, 1998] for a literaturereview). It is a pos-
itive waveform occurringapproximatelyd15 ms after an
infrequenttask-rel@antvisual stimulus.We show thatre-
quiring subjectgo stopatredstoplightselicitedthis EP

Resultsusing correlationwith the signal averages/nde-
pendentComponeniAnalysis(ICA), a Kalman Iter , and
arobustKalman Iter indicatethatall methodsecognize
a signi cant amountof P3's, but that the robust Kalman
Iter performedslightly betterthantherest.

2 THE SYSTEM

The systemis shavn in Figurel. The heartof this sys-
temis the NeuroScancommercialpackagdor EEG sig-
nal acquisition(called Acquire). This programreceves
theampli ed EEGsignalinputaswell asintegerstimulus
“trigger” codes.

After the EEG signalandtriggercodesenterthe Acquire
program they aregrabbedrom the acquisitionbuffer via
adynamiclinkedlibrary (DLL) providedby NeuroScan.
This library enablegthe recognitionsoftwareto have ac-
cesdotheunprocessedataandtriggercodes.TheDLL is
calledfrom within the RecognitionandBiofeedbackpro-
gram.TheRecognitiorandBiofeedbackrogramchooses
which data(in a continuougecording)needto be sentfor
furtherprocessingia the Matlab program.This program
may give audiofeedbacko the userafterrecognitionoc-
curs,sendreturninformationto the SGI througha serial
port interface, save recognitiondata, calculatewhether
recognitionhas actually occurred(using trigger codes),
andcanreadpreviously processedatafrom a matlab le
for ademonstrationf the speedf recognition.

In orderto enableeasyuseof differentrecognitionrou-
tines,all routinesarematlabm- les. While compiledpro-
gramsare fasterthan m- les, we have not developeda
problemwith speedand nd thegenerainterfaceencour
agegheuseof new computeralgorithmsfor processing.

The virtual reality interfaceis renderedon an Onyx Sil-
icon Graphicsmachinewith 4 processora&ndan In nite

Reality GraphicsEEngine.The ernvironmentis presentedo
thesubjecthroughahead-mountedisplay(HMD). Since
scalpEEG recordingsaremeasuredh microvolts, electri-
cal signalsmay easilyinterfereduringanexperiment.We
testedthe effects of wearinga VR4 HMD containingan
ISCAN eye tracker and discoveredthat the noiselevels
inside of the VR helmetwere comparableo noiselev-
els while watchinga laptop screen[Bayliss and Ballard,
1998].

3 THE STOPLIGHT EXPERIMENT

Previous P3researcthasconcentrategrimarily on static
ervironmentssuch as the continuousperformancetask
[Roswld et al., 1956]. In the visual continuousperfor
mancetask, staticimagesare ashed on a screerandthe
subjecistoldto pressabuttonwhenararestimulusoccurs
or to countthe numberof occurrencesf a rarestimulus.
This makesthe stimulusbothrareandtaskrelevantin or-
derto evoke a P3. As an example,givenred andyellow
stoplightpictures,a P3 shouldoccurif the red pictureis
lessfrequentthantheyellow andsubjectsaretold to press
amousebuttononly duringtheredlight.

We assumed similar responsevould occurin aVR driv-
ing world if red stoplightswere infrequentand subjects
weretold to stoptheirvirtual carsattheredlight. In order
to make yellow lights morefrequent,both greenandred
lights wereproceededy yellow lights. Redlights change
to greenafter3 secondsindtheredlight conditionis trig-
geredonly whensubjectsarecloseto the stoplightsothat
subjectswill have to begin stoppingwhentheredlight is
triggered.
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Figurel: A schematiof the on-linerecognitionsystemconstructedor real-timeEP signalanalysis.

Figure2: (Left) An individual demonstratedriving in themodi ed go cartwhile wearinganelectrodecap(not usedfor this experiment).
(Right) A typical stoplightscendan thevirtual environment.



The subjectsuseda modi ed go cartin orderto control
the virtual car (seeFigure 2. We chosego cart driving
becausé is morelike a“natural” driving taskthandriving
andstoppingwith a mouse.While this choicemay cause
amoreartifactsin thesignalcollection(dueto turningthe
steeringwheelandbraking),mostof the actualartifactin
thedatawasdiscoveredto bedueto eye movement.

A trigger pulsecontaininginformationaboutthe color of
thelight wassentto theEEGacquisitionsystemwheneer
a light changed. While an epochsize from -100 ms to
1 secwas speci ed, the datawas recordedcontinuously
Informationaboutheadpositionaswell asgas,braking,
andsteeringpositionweresasedto anexternal le.

Eight electrodessites(FZ, CZ, CPZ,PZ, P3,P4,aswell
as2 verticalEOGchannelsyverearrangedntheheadf
threesubjects$ with alinkedmastoidreferenceElectrode
impedancesverebetweer? and5 kohmsfor all subjects.
TheEEGsignalwasampli ed usingGrassampli ers with
an analogbandwidthfrom 0.1 to 100 Hz. Signalswere
thendigitizedatarateof 500Hz andstoredto acomputer

In orderto 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
Figure 3). As expected,the dataobtainedwhile driving
containedartifacts. In orderto reducetheseartifactsbe-
fore averagingwe preprocessethe dataandsubtractec
combinationof eye andheadmovementartifactusingthe
linearregressiortechniquedescribedn [Semlitschet al.,
1986]. Resultsshav thata P3EPindeedoccursatredand
notyellow lights.

4 RECOGNITION RESULTS

While averagesshawv the existenceof the P3 EP at red
lights andthe absenc®f suchatyellow lights, we needed
to discover if the signal was clean enoughfor single
trial recognitionasthe quick feedbackneedecdby a BCI
dependson quick recognition. We tried four methods
for classi cation of the P3 EP: correlation,independent
componentnalysis(ICA), a Kalman lIter, anda robust
Kalman Iter . Approximately 90 yellow light and45 red
light trials from eachsubjectwereclassi ed. Thereason
we allowed a yellow light biasto enterrecognitionis be-
causeheyellow light currentlyrepresentanunimportant
eventin theervironment.In arealBCl unimportangevents
arelikely to occurmorethanuserdirectedactionsmaking
this biasjusti able.

All of the methodsused data preprocessedvith the
methoddescribedin the previous section. The overall
recognitionresultsin Table 1 suggesthat both kinds of
Kalman lter andICA have a statisticallysigni cant ad-
vantageover correlation( ). TherobustKalman
Iter hasavery smalladwantageover the regularKalman

Table2: RecognitionResultsfor ReturnSubjects

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

Iter andbothKalman lters have a slightadwantageover
ICA (notstatisticallysigni cant).

In orderto look at the reliability of the bestalgorithm
two of the SubjectyS4 and S5) returnedfor anothe’VR
driving session.Theresultsof this sessiorusingthe Ro-
bust KalmanFilter trainedon the rst sessiorareshovn
in Table2. The recognitionnumbersfor red andyellow
lights betweerthetwo sessionsverecomparedisingcor
relation. Redlight scoresbetweerthe sessiongorrelated
fairly highly - 0.82for S4 and0.69for S5. The yellow
light scoreshetweersessiongorrelatedooorly with both
S4andS5at around-0.1. This indicatesthatthe yellow
light epochgendto correlatepoorly with eachotherdue
to thelack of alargecomponensuchasthe P3to tie them
together Detailsof thecomparisonaredescribedelow.

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

@)

where and areboth vectorsrepre-
sentingthe trial epochsandlight averageqrespectiely).

We usedthe whole trial epochfor recognitionbecauset

yielded betterrecognitionthanjust the time areaaround
the P3. If the highestcorrelationof a trial epochwith the
redandyellow averagesvasgreatethan0.0,thenthesig-
nalwasclassi edasthattypeof signal.If bothsignalscor

relatednegatively, thesignalwascountedasayellow light

signal. As canbe seenin Tablel, thecorrectsignaliden-
ti cation of redandyellow light epochausingthis simple
techniquevasquitehigh,althoughthecorrelationsn gen-
eral were poor with typical correlationaveragesaround
0.25.

Independentomponentanalysis(ICA) assumeghat
EEG datachannels area linear combinationof sta-
tistically independensignals :

)

where and are vectors.We usedthematlabpack-
agementionedn [Makeigetal., 1997]with defaultlearn-
ing valueswhich nds amatrix by stochastigradient
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Figure3: Theleft sideshavs grandaveragedor red andyellow lights for site PZ afterreducingeye artifact. The eye movementgrand
averagesareshovn ontheright. Notethatthereis no artifactualpeakaroundthe areaof the P3in theredlight average All averagehave
beenlow passltered at30 Hz for this graph,althoughepochsverenot Itered duringrecognition.

descent.This matrix ~ performscomponenteparation.
All datawasspheredn orderto speecdcorvergencdime.

ICA hassuccessfullypeenusedin orderto minimize ar-
tifactsin EEG data[Jungetal., 1997;Vigario, 1997]and
hasalso proven usefulin separating®3 componentdata
from an averagedwaveform [Makeig et al., 1997]. The
next experimentusedICA in orderto try to separateéhe
backgroundEEG signalfrom the P3 signal. After train-
ingthe  matrix, the sourcechannekhawing the closest
P3-like signalfor theredlight averagedatawaschoseras
the signalwith which to correlateindividual epochs.The
trained matrixwasalsousedto nd thesourceof the
yellow light average.Thered andyellow light responses
werethencorrelatedwith individual epochsourcesn 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
ledto betterclassi cationin all cases.

The third experimentusedthe Kalman lter framework

formulatedby Rao [Rao, 1997]. The Kalman Iter as-
sumesa linear modelsimilar to the oneof ICA in equa-
tion 2, but assumeshe EEG output is the obsenable
outputof a generatre or measurementatrix andan
internal statevector of Gaussiansources. The output
may alsohave an additionalnoisecomponent , a Gaus-
sianstochastimoiseprocessith meanzeroandacovari-
ancematrix givenby , leadingto the model
expression: . In orderto nd the mostop-
timal valueof , aweightedleast-squaresriterionis for-
mulated:

- )

where follows a Gaussiardistribution with mean™ and

covariance . Minimizing this criterionby setting—
andusingthe substitution

yieldstheKalman Iter equationwhichis basicallyequal

to theold estimateplusthe Kalmangaintimestheresidual



Tablel: RecognitionResults(

)

Correlation %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. 5 DISCUSSION
We have shavn thatsingletrial EP signalsobtainedwhile
- - (4) subjectdrive througha VR driving ervironmentmay be

In ananalogousnannerthe measuremennatrix —may
be estimated(learned)if one assumeghe physicalrela-
tionshipsencodedby the measuremeninatrix are rela-
tively stable. Thelearningrule for the measuremenna-
trix maybederivedin a mannersimilar to therule for the
internal statevector In addition, a decayterm is often
neededn orderto avoid over tting the dataset. See[Rao,
1997]for details.

In our experimentdoththeinternalstatematrix andthe

measuremernatrix  werelearnedby trainingthemon

theaverageredlight signal(asasingle inputvec-

tor) andtheaverageyellow light signal. Thesignalis mea-
suredfrom the startof thetrial which is known sinceit is

triggeredby thelight change.ln orderto speedup train-

ing, we madeasimplifying assumptiorthatthe covariance
matricesn EquatioM wereequalto andthattheKalman
gainwasequalto 0.6. The decayusedwasequalto 0.3.

After training,the signalestimatefor eachepochis corre-
latedwith theredandyellow light signalestimatesn the
mannerof experimentl.

Theresultsshav thattheKalman Iter generallyperforms
betterthanICA, with theexceptionof S2. TheKalman I-
tertechniquemaybeviewedastemplatematchingwhich
suggestshatmostepochsrerelatively similarto theover-
all average. Correlationsfor this techniquewere much
higherthanthe othertechniquesandredlight correlations
belov a thresholdrangingfrom 0.8-0.91(dependingon
the subject)were assumedo be so poor that they were
classi edasyellow light matches.

Thelastexperimenusedarobustversionof thepreviously
describedKalman lter . Rolustnesgomesfrom ignoring
partsof the EEG signalthatfall outsidea standardievia-
tion of 1.0 from the signalsthe Kalman Iter wastrained
with. Thus,a robust Iter shouldtreatsuddennoisy ac-
tivity asan occlusionof the EEG signal. As canbe seen
from the resultsin Table 1, the resultsdid not differ sig-
ni cantly from the Kalman Iter results,indicating that
the preprocessingf the EEG signalremoved mostof the
large artifactualdatafrom the signal.

classi edasP3or non-P3accurately Our resultssuggest
that building a brain computerinterfaceusingthe P3 EP
asin [FarwellandDonchin,1988]would provefeasiblein
the dynamicVR ernvironment. Variationsbetweendiffer-
entsubjectsessionsnay be dueto slightly differentelec-
trode placementor impedance. Training on-line during
the rst few dataepochswill helpremove thesefactorsin
orderto give a betterindicationof algorithmreliability.

Currentresultsshav thatyellow light epochshave a high
variancemakingyellow lightsdif cult to classifyreliably
while red light epochsare morereliable. In the context
of aBCl, we believe thatthe unreliability of yellow lights
may give us anindicationof how well the algorithmwill
performwhentrying to recognizeanintendedaction(such
asabuttonpress)vs. nonintendedction.

While the best performing algorithm was the robust
Kalman lter, ICA shaved similar results. Theseresults
mightbeimprovedif adifferenttechniquéor recognizing
theredandyellow lights wereused.In the future,we ex-

pectto look at methodssuchasDSLVQ [Pregenzertal.,

1996]for recognizinghedifferentlights.
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