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ABSTRACT

KEYWORDS: EEG; Second-order statistics; Covariance; Multivariate Fourier
Decomposition Method; Sparse iterative covariance-based es-
timation approach; Likelihood-based Estimation of sparse pa-
rameters, MEMD, MFDM, MVMD, Graph Signal Processing

Localizing the active brain source using EEG signals is gaining a lot of interest from re-
searchers. EEG signals are non-invasive, easy to capture, and economically feasible. Fur-
thermore, these signals have better temporal resolution than MRI, CT scans, PET scans,
etc. EEG signals have lower spatial resolution due to signal loss as it travels from the brain
to electrode. So, with EEG source localization, the aim is to improve the spatial resolution
of EEG signals.

In this work, second-order statistics have been proposed to enhance the aperture of the
electrodes using the concept of virtual electrodes. With these virtual electrodes, a greater
number of active sources can be estimated and localized with fewer electrodes.

New covariance-based methods are proposed for EEG source localization, like SPICE (Sparse
Iterative Covariance-based Estimation) and LIKES (LIKelihood-based Estimation of Sparse
parameters). These methods are robust to noise and improve the source localization results.
Since EEG signals are highly affected by noise, decomposition-based methods like MEMD
(Multivariate Empirical Mode Decomposition), MVMD (Multivariate Variational Mode De-
composition), and MFDM (Multivariate Fourier Mode Decomposition) have been used as
a preprocessing step, and then the signals are localized. Further, by using these decompo-
sitions, the decomposed signal components corresponding to various sources are obtained.
From these decomposed signal components, the source-related components are chosen. For
the selection of the source-related components, various metrics like kurtosis, skewness, and
entropy are studied and used.

Since EEG signals are multidimensional with information in time, frequency, trial, subject,
etc. So in the next problem, the EEG source localization was done in the tensor domain.
The various decomposition methods gave better results than directly applying source local-
ization. So, these decomposition methods are used to obtain information in the frequency
domain. Hence, the tensor is formed using information in channels, electrodes, and IMFs.
This tensor is decomposed using the Canonical Polyadic Decomposition method (CPD), and
the results are localized using the source-related spatial information used after decomposing.
Till now, the connectivity of underlying sources has not been considered. So, in the next

step, the connection of the sources is considered using graph signal processing. Using these
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concepts, the modified optimization problem is obtained. This problem is solved using

FISTA.
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FIaS: S3on; g g oo wifege!, TeuRRur, sgfieet BiReR fage fafl); fova TRigeia
TEIIRUT- ARG STHH DB, faRe AT BT UG-G 3AM, THSTHAS],

S5Ol bl BT ITANT b Afehd ARKTSH FId BT RIFIHIT AMybaisl § 9gd ofd
T R 8T &1 S391 Yobd TR-3AThTHSD, b | T 3R 3 T4 F Fagr B
YD SMATGT, 3 Tobd! 1 THARSME, I T, TSt WpT 3M1fe BI o Hf JgaR Srurft
Thed g1 Ssoit Yabd! B AR 9 SAdCIS dd T IXd THY Ybd & JHIH & HRUT
PH WD Tbed Bidl 81 TTAY, S3ol Jid WIFIHI P I1Y, I2 S35t bl &
RS Yhed § YR BT 6|

TS H, MU SATIS DI STURUN FHT IUURT HIP SAGCIS b TUTR Pl dgH & fo1g
fodia-%a gifere! uaifad @ 712 81 39 3THRT Sadeis & 1Y, HH 3ddels & Iy
3R Ffora Fidl BT STHM TIAT S Thell § SR RIS faaT S TebdT 8| EEG HId
QTSR F Y 7Y FEURRU- UG TP UEdad U MY 8 S SPICE (ke
TRIGTT TEYRRUI- 3R 3AF) 3R LIKES (ke ATUES! BT LiKelihood- 3T
A | A T TR & 1T ASgd € SR Uid RIFHR0 aRume! & guR Hd 81 i
EEG R IR ¥ rafdies uvifad gl €, sufie MEMD @ciaRue tfilea dis
fSHuIfcrem), MVMD @caRue IRTea A fEHuifoem) 3R MFDM (\Aciaue
BRIR A1 fEHaIforRrm) S sroee-3nutid aie! &1 IuaiT MR @0 & =9 &
farman g, iR R Ry RuFiiaed fy T4 § | 39 S1alTal, 3 SiudeH] &l SUINT $HRah,
faftm Odl & sr&u smufed R g U fad S &1 34 faufed R et 7 9,
Hd-Gafd gt &1 70 fhar o1 g1 Hid-Teftid el & 799 & oy, Hefem,
favaTe ok Tt S fafire Afcey o1 sreoae iR IudinT fasa e g

T SSoit Rwrer T, gy, wtern, fawg snfe & SHeRY & Iy Tgmamd 81d 81 39
SATCH U ), 391 W RIS SR A | fooar mar uni fafts sroge fafdmy 3
e Hd RITIHROT B! AT B Bt o1 H dgaR R0 feU| $9f, 37 srage- fafdat
HT IUANT T S B TFBRT UTed FHRA & o fan Sirar g1 e, oHa, 3aders
3R IETHTG & TSR BT IUAN Hb W BT A0 f5ar o 1 39 W B
PP uldufss 3mued fafd (CPD) o1 IUTNT R faufed foram ST 8, 3R 3fuge
& 91G IUANT fHT T Fi- i RS THGRT BT ITART HIP GRUMH B RIFIHT
fPaT AT 81 319 dop, Sidf-fed didl &1 wAfgefad! W faur 78 fvar mar g | 39ferg, srrar
TRUTH, Tl b B DI AT Rt TRARIT T SUTNT B HHT ST § | 37 SRS
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BT FUTNT B, TN TG THRT U D1 STl 8 | 3 THT DI FISTA FT ITANT
ISP & [T orar g

It Sl Ryzrer T, sty aieror, faw snfe; & SR & A1y sgamard g1d €1 safae
TRl T ¥, S50l Wi IS0 SR S H oo mar o1 faft sraee fafdm 3
I Hd RITIDHROT D! AL HRA DI o1 H dgak uRond 3T | 9ferg, 3 sraee fafda
HTIUANT T S T BRI U HRA P o1 faan o1 g | S, oell, Saaers 3R
SMETHUR H THHR! BT IUTNT B TR BT (AT fhdT S1a1 g1 39 SR DI SAlHDpd
gieiufSe 3qge fafd (cpp) &1 IUTNT SR fufed far odr 8, SR 3/"ed & aig
IR fHT T AIG-HefRd RIS STHHRT B SUANT HRh URUMHT BT RIS fdbar
ST | 3d dop, Sid-ied Fidl Bl BAaefde IR =R e} foran a1 § | 39T, 3RTel TRl
H, Hidl & B Bl U1 Rivre UIRARIT &1 SUUNT b HFT ST 2 | 377 SaeRUn3ii &1
UGN R, TN SR T YT & ST ¢ | 3 THAT B FISTA BT ST B
ERISISIE
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