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Minimume-variance filter

JAI)IF—8EH: W)= IT(I?)Il:\I’(rI)(r)
LVEZA A <§(r’t)2> = () = IT(r)Flill(r)

SarvasnNRzFE>TYU—RI04—I)ILRZEETIIES, VU—RIJ1—
JLREERFOLTEOERD. Ui T, JaI)LY—EHPHEAD/ID—
(FEKF O CTHEREIUTCUED. ‘

Center-of-the-head artifact

o7 LA BEOAE—, &, Bk TRELOLERDC
EMNSEUB—F T 770 bANDMIL.
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fi#R %1 : Array-gain constraint minimum variance filter

W

W(r) = arg min W Rw subjectto w'l(r) = HI(r)H
i

T L F— DI >R U= RIA —LRDIILLICEL< TS, |I(r)| @b
B I CHIFd3E2Y—TLADITA>2THDIDT, COHMEFCLD, Y
—DTAUNCFUWER T 1 LY —723KDDZ EITTED.

d=vw MMAHEIRNIE, RS, EoYU—TLAORBREICHINSTS, T
AIF—DTA > 1 ETBDHECHD.

R™ I(r)
1" (NR™(r)]
B0/ (5(r,0p) L " ()i(r)

AT =8B w(r)=




NP R IVY—RIZx T HArray-gain minimum variance filter:
Scalar formulation (RHS5—&IHLEE)

Ty T

N, = argmax ;1 TL (r)_l—l(l’)'i
" n L (r)RTL(r)y

THHDT

351 [ (L0 [L(NRL()] os EHEE 1
WISTHEEAINE U LEhiL:

R [L(nu,,,, /|y, [

A

min

T4IVE—EH: W(r) =

CRAUEE <§(r,t)2> - %



NIV —RIZx I BArray-gain minimum variance filter:
Vector formulation (N2 JLEHRER)

W(r) =[w (r),w (r),w (r)] ELTUTORBIEALEATHERDS

W (r) = arg min W' (r)RW (1) subject to W (r)L(r) = |L(r)|

W

EA1TH: W(r)= RC(n[C(NRLIN T (r) 85,

H /D —:
<sx(r,t)2> n <sy(r,t)2> + <sz(r,t)2> = tr\W"RW ]
= tr|[C(NRME(N] |
ftzle L(r) = L(r) / |L(r)



fiZ R 2 : Weight normalized minimum-variance filter

Minimum-variance filter® & & ZnormalizeL THUL\5.

w(r) = =20 s 3 =

(ORI HW<f>H

y(t) ELTHAERDS

W r
HW r H W (rw(r)

‘1l(r)
\/I R2I(r &L’CE'f%iLT:?»r)lx’;‘l—Eo"ﬁéﬁ LNBTEITELLY




Weight normalized minimum-variance filter-fit=

Weight normalized minimum-variance filter[& L F DB {E M oELZ
ENRTES.

w(r) = argmin W' Rw subject to w'w =1
W

ZFD1=8, unit noise-gain minimum-variance filter & FE[E N S.
(D I, noise-normalized beamformer&EFEIZN 51548485 5. )

ZNDZER T4 ILA—[Iminimum-variance 74 ILA—ELEAR T, ULV 9 A2 EE
#525. 1-1-L, BREAEROEEHRICTFARESHHY, BRI ERITE
LY.

Signal Processing% 7 Tl&Borgiotti-Kaplan beamformer&RE (X, H<h D5
TW3.

Borgiotti, G., and L. Kaplan. "Superresolution of uncorrelated interference sources by using
adaptive array techniques." IEEE Transactions on Antennas and Propagation 27.6 (1979):
842-845.



NI BRIV —RIZx T B Weight normalized minimum-variance filter :
Scalar formulation (RA5—& 55k )

"L"(NR™L(r
n,, =argmax LR LN s e

. n L (r)R™L(r)y

A51[L (NRL(N]™ [L'(NRL(N)] o BaEE 4
WHISTEEEAIMLE U EThiE g, =

u .
opt min

Ths.

5. - R™ L(rju
ILIVE—EH: W(r)_\/uT. T ORLIN,

min min

S AWES <§(r,t)2> _ %



NI BRIV —RIZx T B Weight normalized minimum-variance filter :
Vector formulation (R~ JLEHLER)

UTOmE{IEZALS
w, = argmin W, Rw_subjectto w w =1, w I (r)=0, w1 (r)=0
W
e - 7 7 i
w, = argwmm w, Rw subjectto w | (r)=0, wow =1 w | (r)=0
w, = argmin W, Rw,_ subjectto w1l (r)=0, w/l (r)=0, w w_ =1
W

T4IVEZ—EHTIIEILUTTEZOoNS.

1/Jr, 0 0

(w (r),w (r),w (r)] = R7L(r)[L" (r)R™L(r)]" 0 1/.Y 0

2.2

0 0 1/r,

CCT, Y=[L'(HR'L(NH]'[L"(HRZL(N][L" (nR™'L(r)]"
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HE  BEAAEERDIRITTICDLNT
>IN —RDARGE ¢ Y(t) = s(r,t)I(r)

unit-gain filter :  8(r,t) = w' (r)y(t) = s(r,t)w" (r)I(r) = s(r, )

BENFER(IERDRTZRITD.
array-gain filter : (r,z) = w’ (r)y(t) = s(r, )w” (NI(r) = s(r, £)[1(r)|
BBRER (RIS DIRTTZFFD.

unit noise-gain filter :

BBRER (RIS DR T2 5 D.



array gain, unit-noise gain filter®BEBFEEDEFFFR(C DL T

array-gain filter®BERTER : 5(r,t) = s(r,t)HI(r)H Fte>o—-—7L1hH
MR I BAIZHEED [BEDEU] THI>EY —XBE R TED.

unit noise-gain filterBBATER : 5(r,t) = \/I (MR I( )
" (1)

&, T2 B— A XDNEZE2ELT, l§(r, t) = " (R _1|( )
o O'\/l r

MI A4 I)LIHDDSNEEERIRTED. Lo C, BiEkiaR s(r,t) /o
BffE U TCERRINL, CNIHMETIFEEEDSNEZEFIELIZEDICIR
D. CDXDICHDED [Fet=E] ZEBLI DT &% Statistical
Parametric Mapping &3,



E—LIA—X—DRIML-AAFT—BOEHDFMIZDOULNTIE, [Adaptive
spatial filter.. IDEAEIZERE L HS. Ff=, LT DEFEX A noise-gain
constraint vector beamformerlZB89 34 F IR/ TH S.

IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 48, NO. 7, JULY 2001

Reconstructing Spatio-Temporal Activities of
Neural Sources Using an MEG Vector Beamformer
Technique

Kensuke Sekihara*, Member, IEEE, Srikantan S. Nagarajan, David Poeppel, Alec Marantz, and Yasushi Miyashita

Abstrace—We have developed a method suitable for recon- model has successfully been applied to neuromagnetic data, we
structing spatio-temporal activities of neural sources by using  cannot rely on ECD modeling when the source is distributed
magnetoencephalogram (MEG) data. The method extends the . hen no information on the spatial extent of the source is
adaptive beamformer technique originally proposed by Borgiotti .
wwrn et wn- e - e .. available.

F1-, ADWS—BE—LIDA—T—IZDUWTIEU T DR/ IHARVIDIEETHS.

Biomag 96: Proceedings of the Tenth International Conference on Biomagnetism,
C. J. Aine eds. Feb. 1996, Page(s): 338-341, Springer-Verlag, New York.

Generalize'd Wieqer Estimation of Three-Dimensional Current
Distribution from Biomagnetic Measurements

Sekihara, K.' and Scholz, B.

Jrr . ¢
Hitachi Central Research Laboratory, Tokyo, Japan, *Siemens AG, Erlangen, Germany

Introduction
The m}_mrer}t ‘difﬁc_u.lty in the biomagnetic inverse problem is that a three-dimensional current distri.
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IR18 _J 1 X (low-rank interference), HXUVT L2 >~
J 4 X (high-rank interference) DE— AT A —< —
INDRE




Performance degradation due to interferences

Measurements in non-idealistic, real-life conditions
contains various types of interferences.

BeamformerlZxt 9 Binterference (FH{EE) NDEEFEHT S,

2RO FHMESICDOULTCiRRIT D

eL_ow-rank interferences

*High-rank interferences



L ow-rank interference
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Low-rank interference—further assumptions

BE5H5 T35 -hEES

v |
Additivity:  y(t) = 3 1(r )s () + &+ d(t)

Covariance matrix relationship

Total covariance

l Interference covariance

/
No correlation: R = R+ RD

£ R, = (d(nd" (1)
Signal-plus-sensor-noise covariance R, = Tuu”

J J ]

B"U

.
Il
—_




When R, oc uu’ (RyZ5291DITHIERTE)

Spatial-filter outputs:

§(r,t) = " (ORTY(®) _ F(D(R,,, +Ry)"y(H)
TR 1T(D(R,. + R )TI(r)
1 cos(I(r),u | R;, )cos(u,I(r )| R )]
_§ o (DR cos(I(r).1r) | R;L)
o1 1 |T(I’)R;g|(r) ; [1—cos’(I(r),u| R;g)] J
This part is equalto 1
IT(r)Rgl y(t) (when u is very different from I(r) )
T (DR I(r)

Spatial-filter outputs when the interference does not exist



assumed source waveform
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Simulated magnetic recordings
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Visualization of the first eigenvectors of the interferences
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Reconstructed
time courses
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Insight into how brain structures interact is criti
architectures and may lead to better diagnosis ar
simultaneously, magnetoencephalographic (MEG)
Parkinson's disease (PDY) patient with bilateral deq
nucleus (STN). These recordings offer a unigue
subcortical structures and the neocortex. Howeve
artefacts originated from the percutaneous extens

Application of a Null-Beamformer to Source
Localisation in MEG Data of Deep Brain
Stimulation

Hamid R. Mohseni*?, Morten L. Kringelbach'®, Penny Probert Smith*, Christine E. Parsonsf,
Katherine S. Young!, Jonathan A. Hyam?, Patrick M. Schweder?, John F. Stein*$ and Tipu Z. Aziz#
“Institute of Biomedical Engineering, School of Engineering Science, University of Oxford, Oxford, UK
iDcpmmwm of Psychiatry, University of Oxford, Warneford Hospital, UK
TUnivcr.wily of Oxford, Department of Physiology, Anatomy and Genetics, Parks Road, Oxford, OX1 3PT, UK
§0Oxford Functional Neurosurgery, Nuffield Department of Surgery, John Radcliffe Hospital, Headington, Oxford, UK

Abstract—In this paper, we present an analysis of magnetoen-
cephalography (MEG) signals from a with whole-body
chronic pain in order to investigate changes in neural activity
induced by DBS. The patient is one of the few cases treated
using DBS of the anterior cingulate cortex (ACC). Using MEG
to reconstruct the neural activity of interest is challenging because
of interference to the signal from the DES device. We demonstrate
that a null-beamformer can be used to localise neural activity
despite artefacts caused by the presence of DBES electrodes and
stimulus pulses. We subsequently verified the accuracy of our

1 ;" i | — y P i Alntnd MO aloateoda

artefacts mainly originate from the percutaneous extension
wire, made of stainless steel [2], used to connect the electrodes
to the battery implanted in the abdominal region. The success
of the source localisation of the electrode tips described in
Section IV-A suggests that DBS electrodes made of titanium
may not interfere with the MEG recording.

To date, there has been paucity of studies investigating
the effects of stimulation on brain activity using MEG. In
2007, our group carried out the first MEG study of a patient

Beamformerz FHLNTDBSZ X EL-EEHEDRKEANCDEFTREENTTH

nTLhs.
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BeamformerB4& 51 =%t 9B Low-rank interference® 82 Z DLV TIE
[ Adaptive spatial filter.. IO E7TE TEMNTULVD. Tz, LTFHFUTFIL
X TH5.

90 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 51, NO. 1, JANUARY 2004

Performance of an MEG Adaptive-Beamformer
Source Reconstruction Technique in the Presence of
Additive Low-Rank Interference

Kensuke Sekihara*, Srikantan S. Nagarajan, David Poeppel, and Alec Marantz

Abstract—The influence of external interference on neuromag-  in the recordings. Also, external noise cancellation cannot work

netic source reconstruction by adaptive beamformer techniques when the interference is sensor-channel specific, i.e., when
was investigated. In our analysis, we assume that the interference i oyicis only in certain sensor recordings. This can happen,
has the following two properties: First, it is additive and uncor- . ..

nlbmd aitle Bemnie ;biofter Cammmd  fen mmamnmnl haleaeieoe ~n 10T €Xample, when some sensors are particularly sensitive to



High-rank interference

signal source neurophysiological noise source

p ,
Y(#) = Z1(r;)s(r;,t) + X1(r )<, 1) + &(t)

E(r,t) REIZSVELIZHmLiAaE— b/l*iﬂ'r'éﬁﬁ
Y—RELTETIVILETES.

!

The rank of y(t) Is high.

«de Munck et al., IEEE Trans. Biomed. Eng., 39, 791-804, 1992.
*\/aldes et al., Brain Topography, 4, 309-319, 1992. Spo_ntane_O!JS
«Lutkenhoner, J. Appl. Phys., 75, 7204-7210, 1994. brain activity

SFRMFRETAICESR I DEFEMESR (EBrain noise &M (NS



Influence of background source activity
(Influence of brain noise)

Computer-generated recordings
A . : : :
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Dual-condition experiments

Task:  y(t)=Vy.()+VY,(t)+e
Control: y.(t)=y,(t)+¢

Covarlance matrix relations

Task: R = R.+R_
Control: R.=R__

Problem:

e Brain noiselXYV—ADEFEFEEMNFEET L. BFREICIE
O kA—JLT—% (Brain noiseDHE=H, BIDMEE%E
EFLEWNT—RADNDLETHA.




Prewhitening estimation of signal covariance

task&control>=—4M'5 R=R’RR* %5tH T 3.

R=Rg+ Ris = R :FNQS + 1 &= ZDFHEE/AXDOAREIL
(prewhitening) &FFE 5

~ ~ Q =
R, DEGERRMZ R, =Y y uu’ &£9nE, R DEHERME :
=l

ﬁ _Q T M T Q 1 T
‘§7j“j“j T ._Z ut; = ;Wj " )ujuj.
J=1 J=Q+1 J=1

ER2B. LIRS T:
R OESLALBAECHT2EERIMLA R OEBRIMLIZELL
ESLANILE A ZXLNVEBIEBICH T BRIBORENVE



Prewhitening beamforming

~

_p-1/ pere
R=R’RR* %5t&93
R DESLALESMBICHY BEENT MLhS R, ZH#ESS :

Zyuu

77

Iis w5, prewhitenmg@&%%‘: F (4T FAQS%':}EE?Z;:
. ~ Q
R, = R/’R,R/* = R {zy uu }R”Z

IQS Z FAL\CTbeamformingZziT> :

a(r.1) = DRIT(0)
1" (r)R;'I(r)

ILA> ) AXDFEEZENREILKBFETETDIEDD, QODRENH L.
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Prewhitening beamformer[ZDUNTI&
[ Adaptive spatial filter.. /D FE8FE Ti&Eam N TLVS. Tz, LT D2 DA
DAV FILERX THS.
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A Novel Adaptive Beamformer for MEG Source
Reconstruction Effective When Large
Background Brain Activities Exist

Senior Member, IEEE, Kenneth E. Hild, 11, Senior Member. IEEE,
Srikantan S. Nagarajan, Member, IEEE

Kensuke Sekihara®, and

Abstract—This paper proposes a novel prewhitening eigenspace
b fi itahl gram (MEG) source

mer for 2
reconstruction when large h.u.l\gruund brain activities exist. The
prerequisite for the hod is that control-stat
which contain only the contributions from the background in-
terference, be available, and that the covariance matrix of the
background interference can be obtained from such control-state

The prop 1 method then uses this interference
covariance matrix to remove the influence of the interference in
the reconstruction obtained from the target measurements. A
numerical example, as well as applications to two types of MEG
data, demonstrates the effectiveness of the proposed method.

Index Terms—Adaptive beamforming, brain noise, magnetoen-
cenhaloeranhy. nrewhitenine. sonrce reconstroction.

background :
method is the
the contribut
able, and tha
ference can b
The proposed
riX (O removi
tion results o
signal and in
The propo
structing  sou
time-locked

IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 55, NO. 3, MARCH 2008

Performance of Prewhitening Beamforming
in MEG Dual Experimental Conditions

Kensuke Sekihara®,

Kenneth E. Hild, I, Senior Member, IEEE, Sarang S. Dalal, and

Srikantan S. Nagarajan, Senior Member, IEEE

lbs-‘mﬁ‘—ThLﬂ p.lper presents an analysis on the performance
of the prewh mer when applied to
cephalography l\ll' ;) experiments involving duoal I!ack and
control) conditions. We first analyze the method's robustness to
two types of violations of the prerequisites for the pre
method that may arise in real-life two-condition experiments.
In one type of violation, some sources exist only in the control
condition but not in the task condition. In the other type of vio-
lation, some signal sources exist both in the control and the task
conditions, and that they change intensity between the two con-
ditions. Our analysis shows that the prewhitening method is very
robust to these nonideal conditions. In this paper, we also present

e that the seewhibonine sethod e

o thanwatiaaol wrete chun

under these two conditions is a common procedure to recon-
struct signal sources of interest [1]. (This subtraction is often
performed as a part of calculating pseudo-¢ statistics, which is
used for statistically evaluating the source configuration differ-
ence between the two conditions.) However, when the source
reconstruction is performed with adaptive spatial filter methods
[2]-[4]. such subtraction-based methods cannot effectively re-
move the influence of the background interference [5). This is
because the influence of the background activity is not simply
additive. It involves spatial blur and source location bias, as will
be shown in our computer simulation in Section V.
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Induced activity

Task-related modulation of oscillatory brain activity

(FRDCKDTHITHRISNDIEBIDOZ R TT)

Induced activity:

«Stimulus-evoked but not phase-locked to the stimulus
frequency specific .

Event-related (spectral) power change

Power decrease — Event-related desynchronization (ERD)

Power increase — Event-related synchronization (ERS)

G. Pfurtscheller and F. H. Lopes da Silva: “Event-related EEG/MEG synchronization and
desynchronization: basic principles,” Clin. Neurophysiol., 1997



Induced activity may not be detected in averaged results

S G : Motor-evoked MEG

‘\/\/\/\/\/‘ trial 1 100-trial-averaged results
| Y PN
‘—\/\/\/\/\/‘ trial 3

‘\/\/\/\/\f trial K T -

—~——~———  average

Induced activity has time jitter

No clear premotor response exists in average waveform



Covariance matrices are computed from non-averaged trials, and
averaged across epochs

Stimulus onset

triall — R~

trial 2 = R,

— N\
’\/\/\/\‘—\/\//\\/A/\/trlal >_>R:§RJ'
—\\p-

tiaAlK = R, / ﬁ

This R contains unwanted background
Interference



Dual-condition experiments

Task:  y(t) =y, (t)+Yy,(t)+e
Control: y (t) =Yy, (t)+ ¢

Covarlance matrix relations l

Task: R=R,+R__
Control: R, =R.__

Problem:

CoBaE, Y. (t) BRUC Y () CEERBHIFRCHD, FREDRE
ZHED.



Prewhitening beamforming

Task: R= R.+R_

= Calculate R =R”’RR"*
Control: R, =R,

Signal covariance estimation

R, =RUUI(R-1)|RY> =R’ {iyjuju} RY
T
U, =[u,...,u,]:R DIESLAILEBRY ML
V(1) BLV Y, (1) CEERMEMETHD, AREOREZZFT DL,

Q @RDDZEME UL, (Ii DEIBIEANRD NUISBEERIREEZRFZIR0)Y)



Robinson’s F ratio method
Define s(r,¢) :source image from y(¢)

s.(r,t) : source image fromy . (t)

_POR,Ye(®)
1" (r)R™ I(r)

total

S. E. Robinson and J. Vrba, Recent Advances in Biomagnetism, pp. 302-305, 1999



Frequency-domain beamformer
(Narrow-band beamforming)

Because the induced signal is frequency specific, another strategy
that further reduces the brain-noise-influence is to use the weight
tuned to the frequency of the induced signal.

Frequency-specific weight (Narrow-band weight)

RU) = (LI (f)) where y(t) ——>T'(/)

w(r, f) = R(f) I(r) /[T (NR(f) 1(r))

R(f) : Cross-spectral matrix calculated from the frequency
band of the induced signal.



Time-frequency-domain beamformer
Time-frequency-specific weight

y(t) > Windowed F.T. ’ F(T’ f)

Induced activity ' & F N CTL\ B BEFfa] BERE R D R L s
Bz 7, FILEREZ fE TS

R(z. ) = (e, /I (. f))
w(r,,f) = R(z, f)1(r) / 1 (OR(z. /) I(r)]

CCT, 28 () BIRYITOFRL—S%#ET. EHEMCEHILE
BREbEEZ TRy 6L, TRV I TOIRL—ZETET S




Results of frequency-specific-prewhitening filter for hand-
motor measurement

45

Voluntary right-finger movement (every 10 sec) =[&

20
25 ‘ ¢
20
R M 1 1 1

DDDDDDDDDDDDDDDDDDDD

I st

A localized source is found near contra-lateral M1 area



Comparison between prewhitening and F-image methods

Prewhitening results

adal projection coronal projection

MRI overlay

F image results

coranal projection

5t E {
10 -5 o 5 10
: * fem cm
® {om) ¥ {cm) o o)
sagittal projection
sagittal projection . i . —

15 .

o
- T
§ s L

at

&)
5 — ]
=10 3 0 5 1w
10 5 ] 5 10 .
* fem)
e
ial projecti § 1 projects
waal projec (un_ N .L{JMIQ ?nu]u_ |u|:| axial projection coronal projection
1 . L v 5F - - .

£ {om)

o)

 (em) * (em] ¥ (em)

sagittal .pmjccun.n sagittal projection




Spike-locked dual-state adaptive spatial filter

FIERREIDOTANDNAERINA DDESFEEEERN—TDB LIV H >V
DI\ D—F T >HhB5175.

6073 Dcontinuous resting state MEGH\5 R/ \1 U= ELEEUED
S—AEMIZIEOH T .

Control & TaskHEENI T3

ZLLFDXDICETE
Control (T;)  Task (T)
e e T Re= 2 X R(AT)
i i | | spikes fef,
spikes feF,
: , , , Fvv :12-55Hz
-700 500 -100 100

A. G. Guggisberg et al., Neurolmage Vol.39, 2008



Results from patients #1

« ECDss B SpiFi

Time-frequency maps Source image

Surgical resection area

SEIIVIBREMLIIMEGD TR <, MMDIRBEHHAE URESHIISROSND.
U7zt > CTHUIBREMUIN TANAMER A DDESRAUEHRTED (1Ef#E] =5
ABdEFR, VIREMIEESRHEERRZLER I DLET, [ES5RHEEDIE
LTz 9 5.



Results from patients #2

DFBBEDIZE(C(FbeamformerDiaR (FHM IRV I FRE
4_Lt E3'4 LkaA%b“, HANR=ILISRY —DALE(FH]
BREPALDAIEN S (RS <IFMLTULND

Time-frequency maps Source image

W 3.06 (pseudo-F)
Surgical resection area

Frequency [Hz]
&
N Ad
ocoOo
Frequency [Hz]

A Power [dB]

e ECDss




frequency

Dual-state spatial filter Z&5[Z#
g2 EITHL TESREERNRELTS

L 355??'€5u..é:'tf

5 ] B iR

Task window Control window
' \
fj+1 T
¥ \x
j} T (jzatk) (j}’tC)
fit
b, bpt1 bi2 be3 2
s(,fo 1) - BE R BRAREL (£,1,) 1SR T 2 BIBRUER
Asetof s(r,f;,t,): j=12,....k =12,... represents

time-frequency reconstruction of source activity.




Five dimensional imaging from hand-motor data
Beta-band activity

Early Beta ERD High Gamma ERS

-

Z 8k
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- w
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400 -200 O 200 400 &00 BOD 1000

High-gamma-band activity
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B
4 -400 -200 0

200 400 600 800 1000 4 -400 -200 0
Time (ms)
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Comparison with ECoG results
Right finger (RD2) movement

.
Patient #1
dB dB
300 300
1 [ 1 8
1 1 6
4 : 4] ;
L 0 S —————— | 2 Z 60
ECoG z 2 2
§ 30 0 § 30 o
Beta ERD g 2 g ;
£ 12 -4 <2
5
% -
47400 -200 0 200 400 600 800 100 4300 - 100
Time (ms) Time (ms)
dB dB
00 , R
1
: N 15
5 '
z 1
MEG e U s
@ 30
Beta ERD g “ 05
i 12 2 -1
1.5
3 2
47400 -200 0 200 400 600 800 1000 - 0 1000
Time (ms) Time (ms)
dB dB
300 300,
; 0 . : ] .
E'm 4 E‘;..J i
ECoG = 2 Z 60 et—— 2
g 30 ° £ 30 o
.
High Gamma ERS E 2 z 2
£ 12 -3 <12 )
s
-6 -8
47400 -200 200 400 600 800 1000 4 400 -200 200 400 600 80D 100
Time {m: Time [ms)
dB dB
300 300 5
180 180
120 2 1204 1.5
MEG E : 2o s
g 0 z 0
- c i+ 4
High Gamma ERS g 30 £ 30 o
g -1 g ’
12 ) & 12H 1
_ 1.5
-3 -2
40 0 800 1000 4




Time-frequency beamforming(C DU\ TI(ILA T DR
SACFFHIREC SN D D.
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