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ABSTRACT

Brain—computer interfaces (BCIs) enable users to control devices with
electroencephal ographic (EEG) activity from the scalp or with single-
neuron activity from within the brain. Both methods have disadvantages:
EEG haslimited resolution and requires extensive training, while single-
neuron recording entailssignificant clinical risks and haslimited stability.
In the light of these problems, the electrocorticographic (ECoG) signals
recorded from the surface of the brain can enable users to control a one-
dimensional computer cursor rapidly and accurately. The classification
MATLAB experiment of the motor imagery of theleft littlefingure and the
tongue has reached a high classification accuracy of 94%. This result
reveals that compared to the EEG signals, ECoG signals can accurately
locate the function cortex and avoid the changes of amplitude, frequency
and phase at the same time. I n addition, our results suggest that an ECoG-
based BCI could provide for people with severe motor disabilities anon-
muscular communication and control option that is more powerful and
effective than EEG-based BCIs in the two- dimensional joystick
movements. © 2013 Trade SciencelInc. - INDIA
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INTRODUCTION

Brain—computer interfaces (BCIs) convert brain sig-
nalsinto outputsthat communicate auser’s intent. Be-
causethis new communication channel doesnot de-
pend on periphera nervesand muscles, it can be used
by people™ with severe motor disabilities. BClscan
dlow patientswho aretotally paralyzed (or ‘locked in”)
by amyotrophic lateral sclerosis (ALS), brainstem
stroke or other neuromuscular diseasesto expresstheir
wishesto the outsideworld. However, practical appli-
cations of BCI technol ogy to the needs of peoplewith
severedisabilitiesareimpeded by thelimitationsand

requirementsof current BCl methodol ogies.
BClscanusenon-invasiveor invasive methodg?9.
Nort+invasve BClsused ectroencepha ogragphic activity
(EEG)recorded from the scal p. They are convenient,
safeandinexpensive, but they haverdatively low spa-
tial resolution, are susceptibleto artifactssuch aselec-
tromyographic (EMG) signals, and often require ex-
tensive user training. Invasive BClsuse single-neuron
activity recorded withinthebrain. Whilethey havehigher
gpatia resolution and might provide control Sgnaswith
many degrees of freedom, BClsthat depend on elec-
trodeswithin cortex face substantia problemsin achiev-
ing and maintaining stablelong-term recordings. The
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small, high-impedance recording sites make penetrat-
ing e ectrodes susceptibleto signal degradation dueto
encapsulation. Also, small displacements of thetiny
penetrating el ectrodes can move the recording sites
away fromthecortica layersthat containthelargeess-
ily recorded neurons, such aspyramida neuronsin layer
5 of motor cortex. Theseissuesare crucia obstacles
that currently prohibit their clinical usein humang®.

THE COMPARISON BETWEEN EEGAND
ECOG

Anintermediate BCl methodol ogy, using e ectro-
corticographic activity (ECoG) recorded from the cor-

tical surface, could beapowerful and practica dterna-
tivetothese extremes. ECoG hashigher spatid resolu-
tionthan EEG (i.e., tenthsof millimetersversuscenti-
meters®), broader bandwidth (i.e., 0-200 Hz versus
040 Hz), higher amplitude (i.e., 50—100 'V maximum
versus10-20uV), and far less vulnerability to artifacts
suchasEMG At the sametime, because ECoGisre-
corded by subdura e ectrode arrays and thus does not
requireelectrodesthat penetrateinto cortex, itislikely
to havegreater long-term stability and might also be
safer than single-neuron recording.

Thisstudy set out to explorethe potentia vauefor
BCI applicationsof ECoG activity recorded over sen-
sorimotor cortex in humans. Westudied four patientsin
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Figurel: Electrodelocation in theparticipant’scerebral cortex.(A) Left panels: Axial (top) and sagittal (bottom) slices
showing brain activity along the precentral gyrusduring aword generation fMRI task prior toimplantation. Red lines
denotepre-central sulcus; yellow linesdenotecentral sulcus. Right panels: Cor responding imagesfrom apost-implant CT
scan showing location of electrode. (B) 3D CT image showing electrodewir eentering duramater. Subcutaneouselectronics

arevisibleabovetheelectrodewire, on top of the skull
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whom subdura electrode arrayswereimplanted for 3-
8 daysin preparation for surgery to removean epilep-
ticfocus(seeTABLE 1for clinical profiles). All four
provided informed consent for the study, which had been
reviewed and approved by the Washington University
School of Medicinelngtitutiona Review Board.
Theexperimental approach was devel oped based
on current understanding of sensorimotor rhythmsand
on the methodol ogy of current EEG-based BClsthat
usetheserhythms. Sensorimator rhythmscomprisep (8—
12Hz), 3 (18-26 Hz) and y (>30 Hz) oscillations. They
arethought to be produced by thalamocortica circuits

Micro Array

and they changein amplitudeinassociationwith actua
or imagined movements. BClsbased on EEG oscilla
tionshavefocused exclusively on p and 3 thythms be-
causey rhythms are inconspicuous at the scalp. In con-
trast, y thythms as well as p and 8 thythms are prominent
in ECoG. This paper isthefirst report of astudy that
appliesECoG activity to onlineoperation of aBCl sys-
tem. Weidentified thelocations and frequency bands of
ECoG sensorimotor rhythms associ ated with specific
movementsor speech, or withimagery of thoseactions,
and then determined whether peoplecouldlearntouse
theserhythmsto control acursor on acomputer screen.

Macro Array

(A)

Electrode Diameter
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1 millimeter

Figure2: Microand macrogridarrays. (A) and (B) M ic}darray szeand configur ation. (C) Intraoper ativeview of themacro
gridarray. (D) Lateral radiograph of theskull with amacroarray

THE EXPERIMENT

Data resource

Experiment datastemsfrom document(®, and the
subjectisrequiredto completetwothinking tasks: imag-
iningmovinglittlefinger of left hand andimagining mov-
ingthetongue separately. Ingde S'sskull Stsa8x8(64-
micro-€electrode) ECoG dataacquisition plate, which
isused for acquiring the motion perception cortical po-
tentialson theright wing on condition of dataacquisi-

tionrateregistering 1000Hz. Upon receiving atempo-
rary visua hint, the subject imaginesmoving thelittle
finger of left hand or moving thetongue continuoudy
and consecutively, whichisrecorded by 1and-1. The
subject acquiresdatafor 3 secondswhileundergoing
thinking tasks, and to avoid the effect of VEP, each
dataacquisitionisconducted 0.15 second ensuing the
visud hint. Such experiment iscompletedin 2 stages.
Inthefirgt stage, two thinking tasksare completed for
139 timeseach, which servesastraining data. On the
other day whichfalswithin 1 week away, the subject
goesthrough sameexperiment repeatedly, and comple-
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tion of two thinking tasksfor 50 timeseach servesas
test data

Featureextraction

Giventheinconsi stency of experiment time, that is
to say, it isnot possibleto mark thetimetask begins,
therefore, ECoG cannot be used for comparisonin
termsof time. Asaresult, thesignalsare processed in
frequency domain. Inlight of therandomicity of EEG,
thisresearch dedl swith spectra estimation of theana-
Iytic-al signal viaPSD inthe AR model. Research of
functional magnetic resonance imaging showsthat
motor cortex activity isclosely related to body orga-
nization activity. Central sulci bilaterally arelocated
with two fields (see pic3) that are sensitive to imagi-
native motionsof lip, hand and elbow symmetricaly.
u rhythm of EEG isgenerated in the motion percep-
tion cortical regions, and asit mirrorsthe motion or
motor imagery, the research features ECoG power of
thisfrequency band!®.

Figure3: Motor perception cortex area

Micro-€electrode plate not only coversthewhole
motor cortex, but also laysover some part of the sur-
rounding cortex. Among the 64 electrode potentials,
ECoG datacollected by some of them exertsbig dif-
ferenceintask distinction while dataacquired by the
rest potential sare redundant, and even lowersthe ac-
curacy of final classification. To beginwith, manual se-
lectionisadopted regarding PSD. Training dataisclas-
sified into two groups by means of task mode, 139
timeseach. PSD averageiscarried out, which gives
birth to 64 pictures of PSD for the 64 el ectrode ECoG
data. Significant differencescan betold fromthesepic-

BioTechnologqy —

ture by naked eys. Take el ectrode-39 and el ectrode-1
for example, PSD shows clear distinctionin that the
two curvesstay thefarthest inthe8-13HZ range, while
thetwo task curves are almost coincident with each
other. Inlight this, thetwo distinguishing el ectrode po-
tentialsin 8-13 HZ range areroughly selected by alow
threshold va ue, and they are meant for further process.
Whilethe subject is performing theimagery task,
working staff mark the sequence of both tasks by 1
and -1 simultaneously. Four dataacquisitionwill be
born: A. ECoG dataacquisition from 278 groups, B.
mark acquisition (composed of 1 and -1) from 278
tasks; C. ECoG dataacquisition from 100 groups; D.
mark acquisition (composed of 1 and -1) from 100
tasks. Calculationiscarried out towardsA and Cfor
featureextraction, andit yieldsthecharacteristic acqui-
sition: T-A, T-Cof Aand C; taking T-A and B astrain-
ingsample, T-C asthetesting sample, thereforeleading
to mode perception of two sorts of questions. Task
mark responding to C can be predicted, and thefinal
classification rate can be obtai ned from comparing that
withtheactua task mark acquisitionof C.

Experiment result

According to the power spectrum difference de-
greein 8-13 Hz range answering to thetwo tasks, 11
signaswithsgnificant differencesaresdectedfromthe
64 sgnalsby utilizing thelow threshold vaue, and the
electrodes are marked as 12,21,22,29,30,31,37,38,
39,40,46. Signalsaresifted for these 11 e ectrodes by
meansof CSP method. Thisisbecause even-numbered
signasarebound to be generated from CSPfilter, with
maximum 10 groups. And by culling thetwo groups
with least difference, 8 groupsarefinalized and their
featuresareused for fina classificationfesture.

Figure5isthe PSD average comparison of the 8
groupsof datagenerated viaCSPfilter for thetraining
sample, with bold and finelinesmarking two tasksre-
spectively. Significant differencescan be seenfromthe
8 groupsof datainthepic, anditisnowhereto seethe
amost-coincident sceneasisin Figur 4(b).

By meansof K nearest neighbor method, thevaue
of K mattersthe most, asit hasto be equal to or less
than 278 whentakenasmall part fromtheoveral train-
ing sample. Therefore, k should beno morethan 10. K
hasto be sel ected based on training datafirst in case
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Figure4: Thecontrast diagram of the PSD (thebold lineand

thethin linerepresent thetwo differ ent tasksrespectively).
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that thetask type of testing dataisnot available. Abid-
ing by below-mentioned m-fold cross-validation
method, k (9) isobtained.

Training dataof the278 samplesaredividedinto N
pieces. TakeN-1th asthenew training sample, and the
remaining 1 pieceasthe new testing sample. Sincethe
task type of the new testing sampleisknown ahead,
prediction accuracy can beobtained inthisfashion. There
areN waysof extraction of thissort, N prediction ac-
curacy can be gotten and theaverage of theN piecesis
avallablethen. Furthermore, astheorigind tetingsample
ispredicted onbasisof origina training sampleinthe
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Figure5: Thecontrast diagram of the PSD after the CSP filtering of thetraining samples
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end, the new training sample hasto amount to around
278, and N=278 at this point. To havethe new testing
sample number reach near 100, N shall be at 3. At
length, N ranges from 3 to 278 and averages conse-
quently, thusgiving birthto the average of 276 predic-
tion accuracy. Inthissense, thereare N prediction ac-
curaciescorresponding to each N; and each K has276
N. The picketageindex of K isbased on twice-aver-
aged accuracy and ismarked asa. In light of the analy-
ssof training sample, when K=4, o is at highest, there-
fore, K ispinned at 4.

Takethefeatures of training samplesand testing
samplesfor normalization separately, by utilizing 4-near-
est-neighbor-filter, prediction task type of thetesting
datacan be obtained. Compared with find testing data,
the predi ction accuracy rate reaches 94%. Should it be
without CSPfiltering, perception ratejust accountsfor
85%, and K reads7 at thetime.

CONCLUSIONS

By andyzing multi-dimension ECoG signd's, accu-
racy of predicting two motor imageriesreaches 94%.
Bed ow conclusion can be asserted from thisexperiment:
firstly, corresponding motor imagery can bewell per-
ceived by meansof p rhythm of motion perception cor-
tex EEG; secondly, on condition of extracting valid fea-
tures, no big difference existsbetween different kinds
of grader, whilethe best nearest neighbor va ueby means
of cross-validation method can enhancetheeffect of K
nearest neighbor grader; lastly, long asprdiminary pro-
cess, feature extraction and assortment method are
appropriate, asthe effects of motor imagery percep-
tion brought by factorsthat timelag may do some det-
riment to S’s physical and mental divergence plus ex-
periment error are not glaring, when ECoG is com-
pared with EEG not only canit beaccurateinlocating
thefunctional cortex, but dso avoidssignal changesin
termsof range, frequency, phase, etc. At present, brain-
embedded € ectrodeisnot uncommon. Itishighly be-
lieved that thesefactorsand progressof EEG process-
ing areto expedite BCl practicality.
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