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EEG source imaging enables us to reconstruct current densitin the brain from the
electrical measurements with excellent temporal resolan (  ms). The corresponding
EEG inverse problem is an ill-posed one that has in nitely mgy solutions. This is due to
the fact that the number of EEG sensors is usually much smal¢han that of the potential
dipole locations, as well as noise contamination in the reagded signals. To obtain a
unique solution, regularizations can be incorporated to ipose additional constraints
on the solution. An appropriate choice of regularization igritically important for the
reconstruction accuracy of a brain image. In this paper, we mpose a novel Sparsity
and SMOOthness enhanced brain TomograpHy (s-SMOOTH) metlloto improve the
reconstruction accuracy by integrating two recently propsed regularization techniques:
Total Generalized Variation (TGV) regularization ang » regularization. TGV is able to
preserve the source edge and recover the spatial distribudh of the source intensity
with high accuracy. Compared to the relevant total variatio (TV) regularization, TGV
enhances the smoothness of the image and reduces staircasmartifacts. The traditional
TGV de ned on a 2D image has been widely used in the image procesing eld. In
order to handle 3D EEG source images, we propose a voxel-bask Total Generalized
Variation (vVTGV) regularization that extends the de niticof second-order TGV from 2D
planar images to 3D irregular surfaces such as cortex surfac In addition, the 1 »
regularization is utilized to promote sparsity on the currég density itself. We demonstrate
that *1 » regularization is able to enhance sparsity and accelerateomputations than
"1 regularization. The proposed model is solved by an ef cienaind robust algorithm
based on the difference of convex functions algorithm (DCAgnd the alternating direction
method of multipliers (ADMM). Numerical experiments usingynthetic data demonstrate
the advantages of the proposed method over other state-oftie-art methods in terms
of total reconstruction accuracy, localization accuracy ad focalization degree. The
application to the source localization of event-related pntial data further demonstrates
the performance of the proposed method in real-world scendos.

Keywords: EEG source imaging, inverse problem, total general
of convex functions algorithm (DCA), alternating direction

ized variation (TGV), "1 » regularization, difference
method of multipliers (ADMM)
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Lietal. Sparsity Smoothness Enhanced Brain Imaging

1. INTRODUCTION closed-form solution thus the computational cost is reldive
low. However, they share a limitation that the reconstructed

Functional brain imaging techniques have been developed tources spread over a large area of the brain, resulting iaia br
evaluate brain function, e.g., memory and cognition, asl welmage with low spatial resolution, i.e., proximal sources may
as help diagnose and treat brain disorders, e.g., epilep®yecome indistinguishable in the solution.
depression, schizophrenia and Alzheimer's disease. Ideally To gvercome the limitation of minimum >-norm methods,
good imaging technique needs to provide brain image ofparse structure of the underlying source is explored to improv
both high temporal and high spatial resolution. Hemodynamicthe focalization of the source. Minimizingi-norm methods,
imaging techniques such as functional Magnetic Resonanggich as minimum current estimate (MCE)(tela et al., 1999
Imaging (fMRI) and Positron Emission Tomography (PET)and sparse source imaging (SSI)i(g and He, 2008 were
have been Wldely used since they oer hlgh Spatial reSOlUtiOl@roposed by emp|0ying‘ 1-norm of the current density as
(Poldrack and Sandak, 200#owever, their temporal resolution the regularization, assuming that the source current denisit
is limited on the order of seconds due to the relatively sldwot  sparse with only a few active voxeRigure 1A). Although the
ow response Poldrack and Sandak, 2004urthermore, these focalization is greatly improved, these methods fail toreate
imaging systems require the subject to be restricted in gelar the extent of the sources since the reconstructed sourceeis ov
chamber, which limits their applications in the natural halit  focused. To address this issue, e orts have been devoted to
environment. On the other hand, brain imaging based onexploring sparsity on transform domains of the current density
electroencephalography (EEG) provides an alternative soluti such as the spatial Laplacian domaite(ife et al., 2008; Vega-
that overcomes these limitations. Unlike fMRI and PET, EEG haﬂernéndez et a|_’ 2008; Chang et a|_Y 30]{@3\/e|et_ba3is domain
much higher temporal resolution in the range of milliseconds (Chang et al., 2010; Liao et al., 2012; Zhu et al., 2 @aussian-
In addition, it is lightweight and portable, hence can be usethasis domain lflaufe et al., 207)] or variation domain QAdde
in various applications that require natural environmentsgls et al., 2005; Ding, 2009; Gramfort, 2009; Luessi et al.; Batker
as learning in a classroom. Nevertheless, EEG source imagigt al., 2014; Sohrabpour et al., 2R1Burthermore, in order to
su ers from relatively low reconstruction accuracy due t@th obtain a local smooth and global sparse result, some approaches
ambiguity of the underlying inverse problenBdillet et al., jmpose sparsity on both the transform domain and the original
200). To mitigate this disadvantage, appropriate constraintgource domain. For example, Focal Vector eld Reconstruction
could be incorporated into EEG inverse problem to improve(FyR) (Haufe et al., 2008and ComprEssive Neuromagnetic
reconstruction accuracy of the brain image. Tomography (CEN'F) (Chang et al., 20])O|mpose Sparsity

In general, there are two types of models for EEG sourcgn the spatial Laplacian and the current density itself. It has
imaging: dipolar and distributed source modeVlichel et al., peen shown that combination of these two regularizatiomtgr
2009. The dipolar model $idman et al., 1978; Scherg andimproves the imaging results than using-norm or *1-norm
Von Cramon, 1986; Mosher et al., 19%ssumes that a small reqularization alone. However, the Laplacian operator, ite
number of focal sources are active so only a few parameters §fim of all unmixed second partial derivatives, tends to assig
these sources need to be estimated. Since the number of umkno high weight to the central voxel and relatively low weights t
parameters is usually smaller than that of the measurementgs neighbors, which results in the over-smoothing e ect oéth
the corresponding inverse problem is over-determined an@econstructed image (refer to Section 4). Sparse Total ¥ania
can be solved by non-linear optimization techniquésu(ela  (TV) methods, also known as TV; (Becker et al., 2014
et al., 1998 However, the source reconstruction is usuallySohrabpour et al., 20).Gmpose the sparsity constraint on both
highly sensitive to the initial values due to the high non-the spatial gradient and the current density itself. They assum
convexity of the objective function. Furthermore, this ned that the current density distribution is piecewise constami a
is not able to handle the spatially extended sources, such gfe able to preserve well the extent of the sources. However, d
that during the propagation of a seizure. On the other handto the piecewise constant assumption, the reconstructed otirre
in the distributed source modelHamalainen and limoniemi, density distribution is almost uniform in each subregioro(s
1984; Hamalainen et al., 1993he source space is divided called “staircasing e ect”), which fails to re ect the intsity
into a lot of voxels with xed locations, and only the variation of the source in space. As a consequence, these dsetho
activation in each location needs to be estimated. Howevehave di culty localizing peaks of the source, leading to telaly
due to a relatively small number of electrodes1(?) and large localization error.
a large number of potential dipole locations 10, the The present study aims at reconstructing the location, extent
corresponding inverse problem is highly under-determined an and magnitude variation of spatially extended sources with
results in in nitely many solutions. To obtain a unique stilon, high accuracy by employing more advanced regularization
regularization can be used to impose additional constragnts techniques. We adopt the strategy that promotes global sparsity
the solution. The conventional minimumz-norm methods, and local smoothness simultaneously, and propose a Sparsity
such as minimum norm estimate (MNE}Hgmalainen et al., and SMOOthness enhanced brain TomograpHy (s-SMOOTH)
1993 and standardized low resolution brain electromagneticmethod to improve reconstruction accuracy. More speci caly,
tomography (sLORETA)Kascual-Marqui, 20Q2use " 2-norm  yoxel-based Total Generalized Variation (vTGV) regulaticn
of the current density as the regularization term, leadiogat js employed to promote sparsity on the spatial derivative,
solution with minimal energy. These methods usually have and the 12 regu|arizati0n is utilized to impose Sparsity
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FIGURE 1 | lllustration of piecewise polynomial currentdens ities in 3D
view and side view. (A-D) Impulse (sparse in itself), piecewise constant
(sparse in rst spatial derivative), piecewise linear (sps& in second derivative),
piecewise quadratic (sparse in third derivative).

on the current density itself. The total generalized vaoiati
(TGV) regularization Bredies et al., 20)thas been shown

3, we show a series of experimental results using synthetic
data and real data, and compare various methods qualitgtivel
and quantitatively. Finally, the results and future directs

are discussed in Section 4 and a brief conclusion is drawn in
Section 5.

2. MATERIALS AND METHODS

2.1. EEG Inverse Problem

As a non-invasive method, electroencephalography (EEG) @ use
to measure brain activity and detect abnormalities assedia
with certain brain disease. When neurons in the brain are
activated, local currents are generated, and can travelutyir

di erent tissues, e.g., gray matter, cerebrospinal uid (§GSkull

and scalp. These currents result in electrical potentials @ th
scalp that are recorded by electrodes as the EEG signals. The
EEG inverse problem refers to the process of reconstructing the
spatial distributions of currents in the form of a 3D brain ig&
given the electrical recordings. To formulate the inversaopem

in mathematical expressions, we consider a distributed source

to outperform the Laplacian-based, wavelet-based and Tvynodel assuming that dipole sources are located on the cortex
based regularizations in compressive sensing MRI recongtruct Surface Dale and Sereno, 19R3vhich is discretized as a mesh

(Knoll et al., 2011; Qin and Guo, 2013; Guo et al., 20idage

deconvolution and denoisingBfedies et al., 2010; Qin et al.

consisting of a large number of small triangles. From now on

,Wwe treat each triangle as one voxel in the discretized source

2019. Comparing to the TV, the TGV incorporates information Space, and the terms triangle and voxel are used interchalygeab

of higher-order derivatives, and therefore is better slifer

modeling piecewise smooth function®8gnning et al., 2013;

Bredies and Holler, 20)4 Notice that the traditional TGV

In addition, we assume that the orientation of each dipole is
perpendicular to the cortex surfac®dle and Sereno, 1903
This is based on the assumption that most of the current ow

is dened on a 2D image and its extension to an irregularto the scalp is produced by cortical pyramidal cells, which are
surface is challenging. In order to deal with the 3D cortextormal to the cortical surfaceDale and Sereno, 1993; Nunez
surface, we de ne a voxel-based TGV (VTGV) regularizatiordnd Srinivasan, 2006Letb 2 RN be the electrical potential on
which extends the de nition of the second order TGV from the scalp measured by the electrodes, witeis the number of
2D image to an irregular triangular mesh such as the corticaglectrodes, andi 2 RM is the neural current density at each
surface. VTGV enhances the smoothness of the brain image afPole location. The electrode potentialcan be related to the

reconstructs the spatial distribution of the current degsitore
precisely. Meanwhile, motivated by the performance of'the
regularization in compressive sensing reconstruction atitbo

neural currentu by the following linear equation

bD AuCn, ()

image processing problem&gser et al., 2013; Lou et al., 2014wheren 2 RN denotes the noise, and 2 RN M is called

Yin et al., 201} we incorporate the 1 » regularization into
the objective function. Numerical experiments show that,

lead eld matrix Note that the {,j)-th entry of A stands for the
electrical potential measured by thid electrode due to a unit

regularization provides faster convergence and yields eparsdipole source at thgth voxel. The matrixA can be calculated
source image than the;-norm regularization. Furthermore, by by constructing a head modeDpstendorp and van Oosterom,
applying the di erence of convex function algorithm (DCA) and 1991; Gulrajani, 1998; Fuchs et al., 200and solving the
alternating direction method of multipliers (ADMM), we derive Maxwelfs equations $arvas, 1997ith the boundary element
an e cient numerical algorithm to solve the corresponding method (BEM) (Qostendorp and van Oosterom, 1991; Fuchs

optimization problem. A variety of simulation tests on Gaassi

et al., 200p Usually the number of voxeM is much larger than

shaped sources with various noise levels, source sizes;esouthe number of electrodeN, thus the linear system Equation (1)
con gurations and locations show that the proposed approactis highly under-determined and has in nitely many solutians

results in better performance than the state-of-the-artnoels in
terms of total reconstruction accuracy, localization aecy and

To guarantee uniqueness of the solution for the distributed
source model, regularization techniques can be applied to impose

focalization degree. The tests on auditory and visual P36 d additional constraints on the solution. We consider theduling
further demonstrate that the proposed method is able to preservmodel to reconstruct the brain image

high order smoothness and produce brain images with higher

spatial resolution.

The paper is organized as follows. Section 2 introduces the

1 2
mdnE Au b 5C R(u), 2)

EEG inverse problem and describes the proposed s-SMOOTHere the rst term, called data delity term, re ects the distics
method based on the vTGV and » regularizations. In Section of the Gaussian noise. The second term is the regularizétion
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which is related to the assumption on the characteristiag efg., assume thats, gp, gz are three normal directions along three

smoothness or sparsity. edges foB , whereg 2 R3 depends on the shape of the triangle
3. For instance Figure 2 illustrates three normal directions
2.2. s-SMOOTH associated with a triangular voxel. Although not perpendicul

In this section, we will rst brie y review the de nition of he  to each other, these three directions can span the tangeneplan
second order TGV on a 2D-grid image, and then de ne vTGVthrough each voxel and thereby can be used to fully describe
on a triangular mesh such as the discretized cortex surfsiter.  variations ofu. The gradient ofi restricted ori3 is de ned by

that, the™ 1 » regularization will be introduced. Finally, Section

2.2.4 will describe the proposed model and derive an e cient 2 %3

algorithm to solve the optimization problem. The parameter b g @lz @ i uxChg) u(x)

selection for the algorithm will also be discussed. ubD 2 @5 - @ D am h G
% xxChq23

2.2.1. Total Generalized Variation

TGV was proposed to preserve high order of Smoothness ijote that this de nition is in the local sense and it can be
image processing problemsiedies et al., 20)0Based on the - ¢qnsidered as an extension of the gradient operatoR#ninto
assumption that the underlying image is piecewise polynomialpe gradient in a 2D manifold. Given a di erentiable function

TGV exploits sparsity of high order derivatives along thaxis p D (p1,p2 Pa), the operatorE acting onp restricted to3 is
and they-axis. For the illustrative purpose, we displayFigure 1 4o ned by

various piecewise polynomials de ned on a plane with degree up

to two. Given a 2D imaga twice continuously di erentiable on 2 @ ;(@ c @ 1(@ c @)3
a bounded set R?, the second order TGV ofi with the @@11 - 2 @11@ @’ 2 gé o
coecient D ( 1, 2)can be de ned as the following in mal E(p) D g%(@; Ca @g %(@ C @2 é . (6)
convolution Bredies et al., 2010; Guo et al., 2014 1(@1 C @3) 1(@2 c @ @3
2\@s T @n’ 2'\@ T @ @s
TGV?(u) D min 11ru p,C2 EP . (3 _ _ o _
pD(p1,p2)2(C2(+ ,R))? This operator can be considered as an extensid@iofEquation
(4) tailored to the triangular mesh.
wherer is the 2D gradient operatop is an auxiliary variable, Next, we discuss the discretization of the opera®rand E.
and the operatoE is de ned by On the triangular meshk with M voxels, we rstindex all voxels
" 4 and then de ne a nite di erence operator matri® 2 RV M
@ 1@ c @ as follows. Thei(j)-th entry of D is de ned as
EMD 1 &% @ ° %@ ¢ - )
1%z c &1y @ 8 "
2\ @ Q@ Q@ 21 ifiy D Il
Here thg, 1-norm of a matrix treats a matrix as a vector, i.e., Dij D > 1, ifj 21k 1 k2 ka0l )

kXkp D~ ;jXi;j. Dierent from the Laplacian operator which "0, otherwise,

only involves all unmixed second partial derivatives, theose-

order TGV involves all partial derivatives, similar to Hessiln ~ Where the voxel index isD di=3e 2 f1,:::,Mg i.e., the smallest
(3), whenr uis equal tap, the rstterm in the objective function integer no less thair3, andk 1, k> and k3 are the indices of
becomes zero anl becomes the Hessian af Therefore, one the voxels adjacent to thieth voxel. Based on the de nition in
can see thatGV(u) H(u) , whereH (u) is the Hessian of.
This suggests that TGV could yield a faster minimizing seqee
than kH (u)k1, therefore it is a better choice as a regularization
term for imposing sparsity than the-norm of Hessian in terms
of convergence rate.

2.2.2. Voxel-based Total Generalized Variation for
Smoothness Enhancement

Since the cortex surface has complicated geometries and
topological structures, it is crucial to choose an appropriate
regularization tailored to such kind of irregular surfacé§e
discretize the cortex surface to be a 3D triangular mesand
de ne a voxel-based TGV (VTGV) regularization on it. In orde
to de ne directional derivatives on triangular mesh, weat¢he
centroid of each triangular voxel as a dipole. Since each hase
three voxels connected, three directional derivativesRdrcan
be used to de ne “gradient" of the density function Consider FIGURE 2 | lllustration of three normal directions to a triang ular voxel
a triangular voxel3 2 + , which is homeomorphic tdR?, we 3
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Equation (6), the discretization of the operatiris de ned as Dierent from the "p-norm, the "1 > regularization penalty
E2 R 3M of the form function is de ned as

1
ED é(D Cc b, where BPDI; 3 D, and kuk; o Dkuk;  kuky, 0< 1, (12)

I D 111, 8 . . : .
L3 ®) which has shown potential in image processing and compressive

hsensing reconstructiorLpu et al., 2014; Yin et al., 201 terms
of sparsity and fast convergence. It promotes sparsity of agéma
and achieves the smallest value when only one voxel in thgema
is non-zero.
We further discuss the sparsity property af 2 regularization
dfrom the optimization point of view. Consider a minimization
problem in 2D min,k2 R(X) subject to the linear constraint
Ax D b whereR(x) is a regularization function. To solve the
problem graphically, we need to nd the level curve of minimum
V(W D kDuky, © radius to the origin that intersects with the line : Ax D
VTGV? L WD raniQM 1 Du p,C 2 Ep,;. (10) p Figure 3 illustrates the solutions whemR is “2, “1, “0.001
. (used to approximatép) and "1 2 when D 1, respectively.

In Equation (10), the parameters and » balance the rst and As shown inFigure_SA,_ tht_e “p-regularized S(_)Iuti_on rarely has
second order derivative information of the imageapa tsoros 2670 components, indicating that the solution is usually non-
and Valkonen, 2015 It has been proven that for a large ratio sparse. The y-regularized solution may not be sparse if the
,= 1, the second order TGV coincides with TV under certain!iN€ L iS parallel to the level curves. Compared tp (0 <
conditions Papa tsoros and Valkonen, 20).5 p < 1) regularization, the 1 » regularization is more likely
TV is able to well preserve the edges of images, but is knowR yield a sparse solution -due. to the curvature of level curves
to create piecewise constant result even in regions with sifyo Therefore, the'; » reglljlarl.zatlon promotes sparser solutions
changed intensitief3enning et al., 20)3By considering higher- _than the og:er rek?ultt)am;at_lons bem% compared. Indt_he EEG
order derivative information, TGV generalizes TV and is ablghVerse problem, the brain images to be reconstructe In g_aén_er
to reduce staircasing e ects by assuming that the image tBave a sparse structure that the number of sources is limited,
be reconstructed is piecewise polynomial (including pieoxl.'wis\’vh'glh motivates us to apply they 2 regularization to solve this
constant, piecewise linear, piecewise quadratic, Bie){es and pro er:_. " the he'
Holler, 2013. In particular, the proposed second order viGgy " this paper, we unify the'; type and the ; 2 type
assumes that the underlying current density distributiog i "€9ularizations by allowing D 0 in Equation (12), so that
piecewise linear, and thereby this regularization is abenforce the sparsity regularization term could be adjusted by tuning th
the sparsity of second spatial derivatives. Although a natyrdarameter .

image may have higher order smoothness, it is usually suntie 2.2.4. Proposed EEG Reconstruction Algorithm

to use the second order VTGV in practice, since performanc ' ) .
enhancement is limited but more computations are required fo_ﬁlhe following model is proposed to reconstruct the EEG brain

higher order vTGV. Therefore, we only use the second ordeMageu
VTGV regularization in this work.

where isthe Kronecker product of two matrices. Note that eac
edge is counted twice in Equation (7) so that the oper&acan
be easily constructed by usiy MoreoverEis symmetrized by
taking the average betwebrand its transpose.

One can see thaPu is discretized byDu, and E(p) is
discretized byep. OnceD andE are available, TV and the secon
order vTGV with the coe cients 1 and > can be de ned as

1 2 >
N . . min = A b JCVvIGV C skuk , 13
2.2.3. 71 2 Regularization for Sparsity Enhancement i 2CVTGV(, )W C skuky 5, (13)

In order to improve the spatial resolution of the brain image

to better separate close sources, we can incorporate sparsitiiere vTG . 2)(u) is dened in Equation (10), and
constraint into the model. A natural strategy to impose sggiisi  kuk; , is dened in Equation (12). Here ; > 0 are

" o-norm regularization which minimizes the number of non-per regularization parameters which control the contribution
intensity values in the image. However, since tgeegularized of each regularization term. Note that if D 0, the
problem is computational NP-hard, its;-norm relaxed version 3 , regularization reduces to thé; regularization. If we
is usually considered in practice. Recently, regularization has require p D 0, then the VTGV regularization reduces to
been proposeddsser etal., 2013; Lou etal., 2014; Yinetal.,)2014he TV.

and has been shown to provide a sparser result than the widely Since the dual norm ofk k, is itself, i.e., kuk, D

used’ 1-norm regularization. maXek, 1hu, gi, the model Equation (13) can be reformulated
For a real positive numbeg, the” p-norm of u 2 RMisdened as
as
. 1 2
X . min = Au b2C 1 Du p,C 2 Ep,
kuk, D ( juijP)?, p> 0. (11) upkak, 12
iD1 C  3(kukq hu, qi). (14)
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FIGURE 3 | Geometric interpretation of sparsity for various re

gularizations. (A-D) "2, "1, 0.001 (used to approximate™ o), and ", » when
line corresponds to the linear constraint, the solid dot spei es the sparse solution and the circular dot speci es the nonrsparse solution.

5
05
-05
4

ﬁ
05 ﬂ
-1 1
-1 05

@ Sparse solutions
O Non-sparse solutions

D 1. The black

Next we apply the DCATao and An, 199)to obtain the
following two subproblems

q U:kukz,

8
(u,p) argmin} Au b §c 1 Du p, (15)
3 w2

C 2 Ep,C 3(kukg hu, qi).

In particular, the second subproblem can be solved e cientlypjoreover,u andp can be solved explicitly as follows

using ADMM. By the change of variables, it can be further writte
as

1 :
min > Au b;c 1kxk1 C 2 y ; C 3(kzky e, qi)

u,px.y,z

subjectto xDDu p,yDEp zD u.

By introducing the scaled multipliel @@ 2 we have the following
augmented Lagrangian function

1
LpxY.zQRAD 5 Au b5C 1kxkiC 2y,
C 3(kzk;  tzqi)
C—- Du p xéCZfDu p x,QC Ep ys

2
C2Ep y,@Cku zk3C2u z@

Note that this version is equivalent to the standard augrednt
Lagrangian function up to scaling of multipliers. We grougeth
variablesu, p, x,y, z into three blocks, i.ey, pand (x,y, z). Then
the ADMM yields the following algorithm

8 u argminLl (u,p,X,y,z, QRY
u
% p argminL(u,p,x,Y,z, QYYD
p
(x,y,2)  argminL(u,p,x,y,z, QRL)
XYz (16)
Q OxCDu p x
R QyCEp vy
: D QzCu zC iq
8 1
3uD ATAC (D'DCI) *ATbC D'(pCx

XC (z Q
" pD(E'ECI) YE'(y Q)C(Du xCg .

In addition, due to the separability of variables, they, z)-
subproblem boils down to three independent subproblems with
respect tox, y and z, respectively, each of which has a closed-
form solution represented by proximal operators. For example,
the z-subproblem can be solved by using the proximal operator
of “1-norm

( )
argmin  zkzk; C 3 u zCgC iq
z

3
D prox ,- (uC QC —aq). a7
where prox (x) D signk) maxjxj ,Ogwith componentwise
multiplication , also known as shrinkage operator. Combining
DCA for problem Equation (15) and ADMM for the
(u,p)-subproblem, we obtain the algorithm summarized in
Algorithm 1.

Note that in this study the entire matriA is scaled by
multiplying 1P in order to reduce round-o errors. Algorithm
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Algorithm 1 s-SMOOTH EEG Reconstruction Algorithm

Input: the datab, the sensing matriA, di erence operators
D,E, parameters 1, 2, 3 > 0Oand 2 [0,1], the maximal
number of iterations for the outer looplgyt, and the maximal
number of iterations for the inner loopli,.

Output: the reconstructedi.

o
[}

o .
% —c’=4 if D Othen
o 0.4 _(52 =6 Nout 0
—s2=8 end if
> Initialize uo D O.
=10
02 _62 for 1 toNgyt do
o” =100 if up D Othen
Jo -5 0 5 10 g 0
Voxel else
g  Uo=Kuoks
FIGURE 4 | Various source con gurations (side view) with a sh ape of end if

Gaussian function of different 2,

Initialize p,x,Y,z, QRLAS zero vectors
for 1toNj, do

h
u (ATAC (D'DcC1) * ATbCc D"(pCx
XC (z Q:)h
(ETEC1) * EN(y @)C (Du

1 terminates when either the maximal number of iterations or
the minimal relative change is reached. Note that there @@ t
loops in the algorithm: outer and inner loop. In our experiments
the maximum number of iterations for each inner loop is set to

xCI{)I

be 40, and the maximum number of outer loop is set to be 10. The
algorithm will also be halted if the relative changeuaé smaller
than 10 3. Here the relative change ofis de ned as

PCR

p
x  prox - (Du
y prox - (EpCQ

3
Kunew  UoidKz Z  prox - (uCRC —0q)
UchangeD BT (18)
UoldK2 Q QxCDu p x
In general, ADMM is simple to implement with linear R QyCEp vy
convergence even if part of the objective function is non- D QzCu zC iq

di erentiable. Our empirical experience shows that the »

regularization further promotes faster convergence of the end for
algorithm than its’ 1-regularized counterpart. U U
end for

2.2.5. Parameter Selection
In the proposed Algorithm 1, the regularization parameters o )
TABLE 1 | Parameter 1 used in different noise level.

1, 2, 3areselectedto make a balance between smoothness ang
sparsity. Based on our large numbers of experiments, the optimanr(dr) 0 5 10 15 20 25 30
parameter selection does not change signi cantly as thecsour
number, size or con guration changes. For di erent noisedesy 1 (*10) 7 6 5 3 2 2 1
the regularization parameters need to be tuned smaller when
SNR increaseJable 1lists all values of 1 that we use for the
synthetic data sets with SNR between 0 and 30 dB. For simplicithe convergence speed of Algorithm 1, it is set to{1By default.
we set > to be equal to 1. A more detailed discussion about For real data sets, we use the same parameters for the same noise
the in uence of ratio »= 1 on the reconstruction results can be level as the synthetic data.
found in (Papa tsoros and Valkonen, 20.9or 3, we nd that The parameter inthe "1 2 regularization term varies from
the performance of the proposed method is not sensitivego 0 to 1. When D 0, the "1 2 regularization becomes the
as long as it is in the range oy D 0.1 0.5 1. Figure5 "1 regularization. InFigure 6, we study the e ect of on the
illustrates the source reconstruction results with di etealues source reconstruction result&igure 6B shows the change of
of 3, where we can see that the results look very similar. Bseconstruction error with di erent values of , where we can
taking a careful look at the bottom source, one can see th®  see that the larger is, the smaller the reconstruction error
0.1 4 yields slightly under-focalized result, whilg D 0.4 1  will be. When D 1, the highest reconstruction accuracy is
yields slightly over-focalized result, so D 0.2 or 0.3 1 provides achieved Figure 6C shows the change of the sparsity term as
results closest to the ground truth. In our experiment, we xto  iteration increases. One can see that comparing t® 0 (1
be 0.3 in all test cases. As for the parametemwhich controls  regularization), D 1 (1 2 regularization) helps to promote
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Source a,=0.1 a,=0.2 a,=0.3 a,=0.4
FIGURE 5 | Source localization results with different 3. Top: two sources with different con gurations. Bottom: two sources with different sizes.
A
m m
0.5 0.5
- .o
B Reconstruction Error vs. 3 Reconstruction Error vs. §
0.175 0.15
2 0.17 i 2
Ll L
%) %)
b =
s kS
2 0.165 1 2
0.16 ; .
0 0.5 1 0 0.5 1
p p
c Sparsity Term vs. Iteration Sparsity Term vs. lteration
400 ’ 260
I —p=0| | —B =
380 il 240 _2_1
360
220
200
180"
160 -
0 20 40 60 80 100 0 20 40 60 80 100

Iteration lteration

FIGURE 6 | (A) Two simulated sources.(B) In uence of on the reconstruction error. The larger the , the smaller the reconstruction error will be(C) In uence of
on the sparsity term. D 1 enhances the sparsity compared to D 0.

sparsity. Notice that the sparsity term will decrease rapidiynf  iterations at each inner loop is set to 40. At each inner loop,
one inner loop to another since the variabels rede ned in  the solution becomes convergent and stable within the &olee,
each outer loop. In our experiments, the maximal number ofso does the sparsity term. Then at the iteration 41, the updated
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g results in the re nement of the solution and a large drop of subject was required to detect the targets by silently dognt

the sparsity term Kigure 60). In sum, D 1 not only helps

these events. A 64 channels EEG machine (ANT Neuro, Enschede

reduce the reconstruction error, but also enhances the &pars Netherlands) was used to record the neural signals. The EEG da

term. Therefore, we setto 1 in the following study.

was sampled at 512 Hz, Itered by a band pass Iter of 0.5-30 Hz

and was referenced to the average of all channels. In thetlead,

2.3. Experimental Setup
2.3.1. Synthetic Data Simulation

average was taken across the trials in order to improve the, SNR
and the di erence between the target and non-target was used fo

In our simulation, source is synthesized using the Gaussiarsource localization.

tapered patch. Firstly, a source center is seeded on the cortex |n addition to EEG data, high-resolution MRI data (General
surface, then its neighbors are gradually recruited to make Electric, Waukesha, WI, USA) were obtained from the subject
patch. Because the Gaussian function has bell shape, theesousigr realistic head model constructiorDpstenveld et al., 20).1
intensity distribution reaches a peak at the center and gadlyilu Wwe rst segmented the head into three layers, i.e., scalpl) sku
decreases to zero as it moves away from the center. To modgid brain, and then constructed a triangular mesh for eagkia

di erent source con gurations, we use Gaussian functionstwi (Oostendorp and van Oosterom, 1991: Fuchs et al., R0e

di erent variations ( ?), illustrated inFigure 4 As 2 goes to
in nity, the intensity of the source decays more and moreveip

cortex surface was also triangulated into a ne mesh with8463
triangles, each corresponding to a potential dipole sourcelbyi,

from the center to its neighbors and approximates the constarBeM (Oostendorp and van Oosterom, 1991; Fuchs et al., 002

function.
In addition to various source con gurations, we test a vayrie

was used to calculate the lead eld matrix.

of sources with di erent sizes. Speci cally, we use the saurce2.4. Quantitative Metric

containing 100 300 triangular voxels, which corresponds toFor synthetic data, in order to quantitatively evaluate the
1.4 2.2 cm in radius. To study the sensitivity of the result toperformance of an EEG source imaging method, we use the
the measurement noise, we add i.i.d. additive white Ganssidollowing three criteria to evaluate the results from di eten
noise to each channel. We also study the in uence of the braiperspectives:

noise by adding i.i.d. Gaussian additive noise to the vopats.
As a widely used criterion for noise level measurement, the
signal-to-noise ratio (SNR) is de ned as

F)signal

SNRD 10logy —22,

noise

wherePsignaiand Proiseare the power of the signal and the noise,

respectively. In our simulation, SNR is set to 20 dB by default

The e ect of di erent noise levels is also studied by using sign

of SNR 0 20 dB. The synthetic signal is normalized to make sure

that the amplitude of the signal falls into the range from 1069 5
V, which is the typical EEG signal amplitude of an adult human

(Aurlien et al., 200 For synthetic data, we use the head model

template provided by FieldtripQostenveld et al., 20)3where

the number of voxel# is equal to 10240.

2.3.2. Real Data Collection

To evaluate the performance of the proposed method in realistic
scenario, we collected two P300 event-related potentid&& ¢l
via auditory and visual oddball paradigms, in which a subject
detected an occasional target stimulus in a regular traseosory
stimuli. The experiment was conducted with the approval of
institutional review board at Hualien Tzu Chi General Hospit
Taiwan (IRB 101-102) with written informed consent from the
subject.

P300 is a positive peak occurring about 300 ms or more
after a stimulus I(inden, 200% which re ects information
processing associated with attention and memory. In thetaugli
stimulation setting, two audio signals of 1500 Hz (targétiréals)
and 1000 Hz frequency (non-target, 160 trials) were rangoml
presented to the subject. In the visual stimulation settitvgn
di erent pictures of a erce shark (40 trials) and of an old
man (160 trials) were randomly presented to the subject. The

1.

Total reconstruction errdif RE), which measures the relative
di erence between the true source and the reconstructed
one (m et al., 2008 The smaller the TRE is, the higher
reconstruction accuracy the brain image will have. TRE is
de ned as

© u,
TRED ——=,
kUk2

whereu is the true sourcapis the reconstructed source. Note
that TRE has no units since it is a relative value.

. Localization errofLE), which measures the distance between

the peaks of the true source and the reconstructed dme (

et al., 2003; Molins et al., 200&uppose that there ate
underlying sources, andg, is the localization error of the
k-th source, then LE is de ned as the average localization
error of all the sources. In order to de nkE, letly be a

set of voxel indices that are spatially closest to the peak of
thek-th source (the voxels with intensity less than 10% of the
global maximum are not considered), adg be the distance
between tha-th voxel to the peak of th&-th true source.
ThenLE and LE can be expressed as

X
LED % LE, LED fdyjiD argmaxujks,g

3. Degree of focalizatiofDF), which describes how focal the

reconstructed source is. It is de ned as the energy ratio
between the reconstructed and the true source in the true
source areal(n et al., 2003

2
@ ,
kugk3'

DFD
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whereusiis u restricted to the true source ar&The higher  3.2. Sensitivity Study
the DF is, the more focalized the reconstructed source willn this section, we investigate the sensitivity of the proposed
be. A perfect reconstruction has a DF of 100%. method to various factors both qualitatively and quaniitaty.

3.2.1. In uence of Measurement Noise Level

Figure 8Aillustrates the source localization results of two sources
in nearly noiseless (30 dB) and noisy (0 dB) cases. In the nearly
noiseless case, MNE successfully locates these two soutces b

produces a few spurious sources. For T\vmethod, although

we tapply the k():h?(leskg/fdecon;post;tlct)? tgnd ;ggn .jOIVe. Imeawe can see a little magnitude variation in the edge of thezsyr
Systems using backwardriorward substitution, VIAE 1IN " the main area of the sources still shows almost uniform cutrren
MATLAB. In addition, since the construction #fandQ does not ﬁ/

2.5. Computational Cost

In Algorithm 1, the two least squares subproblems involverimat
inverse which is computationally intensive. Instead of cotmy
inverses oP D ATAC (D'DC1)andQ D ETEC | directly,

d d on the i int furth d at ensity distribution. Compared to the other two methods, the
'epend on e ime points, we can Iurther reduce computation roposed method shows the closest result to the ground truth,
time by performing Cholesky decomposition once and savin

here the magnitude of the current density varies smoottayrr

results fo_r all tlme_ pom_ts. For |nstan9e, w_hen using 1024’@@_ the peak to its neighbors. From the noisy case, one can see that
and running 100 iterations, the running time on a desktoplwit qp
(o}

. X the imaging result is sensitive to measurement noise, edfyecia
3.4 GHz CF.)U and 16.G memory using MATLAB 2014bis reduce r the bottom source. MNE shows a lot more spurious sources
from 3.5 min to 1.8 min.

Further. if d th ber of Is to 6000 it tak than the nearly noiseless case even after thresholding. Yhe T
urtner, It we reguce tne number ot VOXels 1o  L1AKES - method shows an enlarged coverage of the bottom source

. ' . o1
about 11 s to run 100 iterations, an(_j only 6.4 s if the matlrlCe%ompared to the ground truth. In addition, one can see that
are pre-computed. If further decreasing the voxel number to b e source intensity becomes more at in the noisy case. The
2000, the computation time is reduced to 1.2 s, or 0.9 s with pre-

computed matrices. Compared to relevant wotkagife et al eproposed method is more robust to the noise with the coverage
) "~ of the bottom source shrinks slightly.
2008; Chang et al., 2010; Sohrabpour et al., R@hé proposed gty

lorithm h duced th tational cost siani " To quantify the inuence of noise levels on the source
aigorithm has reduced the computational cost signi cantly. reconstruction performance, we test various noise levels and

evaluate the results with the criteria de ned in Section
2.4. In order to avoid inconsistency due to dierent noise
con gurations, we repeat the experiment 50 times by adding

In this section, we evaluate the performance of the propose?ndom noise and display the averaged result and the standard

method by conducting experiments on various synthetic data s eviation n Figure 88 Generglly, the performance of all the
and two real data sets. methods is improved as SNR increases. From the TRE plot, one

can see that our method has the smallest total reconstruction

error compared to the other two methods. The LE plot shows
3.1. Synthetic Data Results that the proposed method has the smallest localization error.
We compare the proposed method s-SMOOTH with fourCompared to the proposed method, the TY-method has
representative source localization methods in the literatu relatively large localization error since it tends to produc
MNE, sLORETA, minimum’ 1 method (“L1" for short) and an almost uniform current density and thereby has di culty
TV-"1. Figure 7 shows the reconstructed brain image of threelocating the peak of the source. In the DF plot, both TyV-
synthetic sources, where the source intensity is scaleegttm b method and the proposed method show very high focalization
[0 1]. A threshold is set at 20% of the maximum intensity,degree, this is because they incorporater "1 » regularization
i.e., voxel intensity less than the threshold will be set ted®, toimpose sparsity on the source current density. Taken togethe
as to obtain a better visualization. For MNE and sLORETAhe proposed method shows good performance for all three
which are minimum’ 2 methods, one can see the reconstructedjuantitative criteria at every noise level.
sources are spread out with a lot of spurious sources around the
sources. The intensity of adjacent voxels has large jump® sin3.2.2. In uence of Brain Noise Level
these two methods do not consider the spatial relation betweeln this section, we study the in uence of brain noise by adding
neighboring voxels. Regarding L1 method, the focalizatich® i.i.d. Gaussian additive noise to each voxXebure 9A shows
reconstructed source is greatly improved. However, thegsir the source imaging results in the nearly noiseless (30 dB) and
are over-focused that only a few voxels are included in tleaar noisy (0 dB) cases. Note that in this gure the imaging result
of the true sources. Compared to L1 method, the TMnethod are not thresholded so as to better visualize the in uence of
successfully recovers the extent of sources, but fails¢otrhe  brain noise. In the nearly noiseless case, MNE produces much
intensity variation of the sources, as we can see that tlemgity less spurious sources under the brain noise than under the
of the current density is almost uniform in each source regim  measurement noiseF{gure 8A), indicating that the spurious
contrast, the proposed method not only eliminates the spuriousources are mainly due to the measurement noise. For the TV-
sources, recovers the extent of the sources, but also psvide method, the reconstructed intensity distribution is gerigra
a smooth result which re ects the magnitude variation of thepiecewise constant, but we can see that the intensity vaniati
current density. is larger than the result irFigure 8A. The proposed method

3. RESULTS
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FIGURE 7 | Source localization results of various methods on s
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ynthetic data with three sources.
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FIGURE 8 | In uence of measurement noise. (A)  Source localization results in the nearly noiseless (30 dBhd noisy (0 dB) cases.(B) Quantitative evaluation of
various methods under different measurement noise level3.he plots show the average results across 50 repeats, wherene error bar represents standard deviation.
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FIGURE 9 | In uence of brain noise. (A) Source localization results in the nearly noiseless (30 dBhd noisy (0 dB) cases.(B) Quantitative evaluation of various
methods under different brain noise levels. The plots showhe average results across 50 repeats, where the error bar repsents standard deviation.

produces an accurate source intensity distribution thatesyv In summary, we observe that the brain imaging result is less

close to the ground truth. In the noisy case, generally theensitive to brain noise than to measurement noise. The prapose

performance of all the methods is a ected by the noise. The MNEnethod demonstrates robust performance under various lefels

result shows more background activities due to the highllefe brain noise.

noise. The TV-1 result shows smaller intensity variation than the

nearly noiseless case. For example, for the bottom sourcggnmve 3.2.3. In uence of Source Size

see four di erent intensity colors in the nearly noiselesscésit  In addition to noise level, we also investigate the in uentéhe

only two di erent intensity colors in the noisy case. Comparedsource size on the reconstruction resufgyure 10Aillustrates

to the TV-" 1 method, the proposed method provides a smoothethe reconstructed brain image with two sources of di ererzies.

result. We can see that the source intensity is weakenedodhet In MNE, although it locates these two sources at the approximate

high noise level. locations, however, itis di cult to di erentiate the smalfesource
Figure 9B further quanti es the results using di erent noise from the large numbers of spurious sources. Tv-method

levels. The TRE plot shows that the proposed method has threcovers both sources clearly without spurious sourcesthmit

smallest reconstruction error. In addition, by comparingttee  coverage of the reconstructed sources is enlarged, espédorall

result in Figure 8B with the same noise level, one can see thathe small source on the top. Additionally, it fails to recover

the reconstruction error under brain noise is smaller, whic the intensity variation of the source in space. In contrakg t

is consistent with the visualization result. The LE plot skow proposed method accurately reconstructs the size and intensit

that the proposed method has the smallest localization ettor. variation of these two sources.

is worth noting that the localization errors of all the meti® Figure 10B shows the quantitative results of various source

are smaller than those with measurement noiségre 8B).  sizes, where the-axis represents the number of voxels contained

Finally, in the DF plot, both the proposed method and the TV- in the simulated sources. TRE plot shows that the proposed

method achieve high focalization degree. The focalizategree method has the smallest reconstruction error, which is irssire

for MNE is much higher than that under measurement noiseto the source size. In the LE plot, the proposed method shows
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FIGURE 10 | (A) Source localization results of various methods for two soges with different source sizes(B) Quantitative evaluation of various methods with
different source sizes. The average result of 50 repeats ishewn in the plots, where the error bar represents the standal deviation.

the smallest localization error. As the source size in@gags method shows much smaller localization error than the other
localization error becomes slightly smaller, which impttest the  two methods. Again, one can see that the smoother sources hav
proposed method has advantages of dealing with larger saurcesnaller localization errors. Finally, the DF plot shows tte

The TV-"41, by contrast, shows relatively large localization errorfocalization degree does not rely on the source con guragitoo

due to the uniform intensity of the reconstructed source. Inmuch. In sum, the proposed method outperforms the other two
the DF plot, the proposed method demonstrates very highmethods consistently for all three criteria. Compared to canst
focalization degree. In summary, the proposed method showsources, it favors smoother sources.

consistent outstanding performance over the other two md&ho

regardless of the source size. 3.2.5. In uence of Source Location
To systematically evaluate the performance of the proposed
3.2.4. In uence of Source Con guration method for dierent source locations, we randomly select

We study the performance of the proposed method using sourcé¥) locations in the whole source space, and test its average
with dierent decay speeds (sdgure 4). In Figure 11A we performance. Figure 12 displays the whisker plot of the
show two sources of dierent con gurations: the top source quantitative results, where the lower quartile, median apger
decays fast as it goes far from the center while the bottorncgou guartile are shown. In TRE plot, the proposed method shows the
decays slowly. From the reconstruction results, one carnhsde best median reconstruction accuracy. The range of the tesul
the MNE is not able to tell the con guration di erence between is relatively large which indicates the performance varies a
these two sources. The T\i-method models the source intensity di erent locations. The LE plot shows that the localizatiomar
to be piecewise constant, so both of the reconstructed ssurc@f the proposed method has a median value of around 1 cm,
decay very slowly. As for the proposed method, we can tell thayhich is the smallest among all the methods. In addition, the
the bottom source decays more slowly than the top one. range of its localization error is also the smallest. From Ee

We further evaluate the performance of the methods withPlot, one can see that the median focalization degree of the
di erent source con gurations quantitatively. IrFigure 118  Proposed method is  97% which is the highest. All in all,
the x-axis represents the variancé of the Gaussian function the proposed method shows the best average performance for
(Figure 4), so the source intensity decays faster and faster froffli €rent source locations among all the compared methods.
left to right. The TRE plot shows that the proposed method
has the smallest reconstruction error among all the meth&ys 3.3. Real Data Results
comparing the results of di erent variance?, one can see that We have also applied the proposed method to localize the
the proposed method favors smoother sources whose intensigenerators of P300 ERPs. Although the neural generators &f P30
decays faster, i.e., smallef. In the LE curve, the proposed remain imprecisely located, a consistent pattern of P300 sources
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FIGURE 11 | (A) Source localization results of two sources data with diffent con gurations. (B) Quantitative results of various methods with different saae
con gurations ( 2). The average result of 50 repeats is shown in the plots, wherthe error bar represents the standard deviation.

FIGURE 12 | Whisker plots of various methods at different sourc e locations. The red bar represents the median value of 50 random locatian

has been shown by various techniques, such as intracranigigure 13 illustrates the P300 source localization results of
recordings, lesion studies and fMRI-EEG combination, that th auditory stimulation at the peak (312 ms). Since the results of
target-related responses locate in the parietal cortex amrd tHVINE and sLORETA show low spatial resolution, a threshold is
cingulate, with stimulus speci ¢ sources in the superior temgdo set at 20% of the maximum intensity to improve the visuali@ati
cortex for the auditory stimulation and in the inferior tempad, One can see that the source localization results of dierent
and superior parietal cortex for the visual stimulationr{den, methods generally agree with each other. The sources from
2009. It is shown that there is a signi cant amplitude di erence insula, superior temporal, temporo-parietal junction and paalet
between target and non-target at latency of 300—400 ms faortex are detected, which agree with previous literatuneden
auditory stimulation and of 400-500 ms for visual stimubati et al., 1999; Mulert et al., 2004; Linden, 200Ehe results of
(Linden et al., 1999 MNE and sLORETA are spread out with many spurious sources,
We compare the proposed method with various representativand the extent of the sources is dicult to be identi ed. L1
methods, including MNE, sLORETA, minimum; method method generates an over-focused result that only a few soxel
(“L1” for short), and TV- 1. Among them, SLORETA has been are active in each source area. TVproduces a result with
widely used to localize the sources of P38Qir(iyoshi et al., clearer extent, however the current density is piecewise anhst
2009; Bae et al., 2011; Machado et al., p@u# to its high in each source subregion. In contrast, our method provides a
localization accuracy, which can be used as a rough referenemooth result that re ects the intensity variation of theusoes
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FIGURE 13 | Localization results of auditory P300 sources wi th different methods.

in space.Figure 14 shows the source localization results ofof the reconstructed brain image as well as reduce the
visual stimulation at 438 ms, in which the sources in posteriostaircasing artifacts; (2) a new 2 regularization is introduced
temporal, parietal and mesial frontal cortices are found,clhi to the EEG source imaging eld for the rst time, which
generally agrees with previous literatureinden et al., 1999; is able to reconstruct a sparser source than the widely used
Linden, 200} One can see that the image resolution for MNE" 1 regularization; (3) an e cient algorithm is derived to
and sLORETA is very low, especially for sLORETA. L1 methodolve the proposed model based on DCA and ADMM. The
only pinpoints a few active voxels and TY-provides an almost reconstructed brain image by the proposed method shows
uniform current density in each source region. Compared tonot only high location accuracy, but also high focalization
other methods, the proposed method demonstrates the capabilidegree.
of producing brain images with better smoothness and higher Due to the ill-posedness of EEG inverse problem, the source
spatial resolution. image reconstruction relies on the modeling of the chanasties
of underlying sources. MNE and sLORETA do not model the
spatial relation between adjacent dipoles, thus the recocistdu
4. DISCUSSION current density distribution is not smooth and many spurious
sources are generated. Minimum-norm methods, such as
In this study, we develop a novel EEG source imagind/CE, assume the source to be highly focalized thus is natslait
method aiming to accurately reconstruct the location, akte for spatially extended sources. TV based methods assume the
and magnitude variation of the current density distributio intensity of the source to be uniformly distributed in space,
The contributions of this work are threefold: (1) a vTGV hence fail to re ect the intensity variation of the sources.
regularization is de ned, which incorporates the informatiof This e ect becomes more obvious when the regularization
higher-order derivatives, therefore is able to enhanceatimess parameter increases, resulting in even more at intensity
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FIGURE 14 | Localization results of visual P300 sources with different methods.

distribution (Gramfort, 2009. By contrast, the proposed method to use second order considering the computational cost and
s-SMOOTH assumes the intensity of the adjacent dipoles tperformance improvement. Note that the second-order TGV is
be piecewise polynomial, resulting in a brain image which isnathematically di erent from the Laplacian operatoBiedies
very smooth that recovers the magnitude variation within aet al., 201D used in previous methods, such as LORETA,
source preciselyF{gure 7). The performance of the proposed FVR and CENT. Laplacian operator has been widely used in
method is evaluated under various noise levels, source,siz&EEG brain imaging Rascual-Marqui et al., 1994; Haufe et al.,
source con gurations and locations. The simulation result 2008; Chang et al., 20L@ue to its simple form. However,
show that the source reconstruction result of s-SMOOTH ist only considers the unmixed second partial derivatives and
robust under di erent conditions. Quantitative results shdhat  does not involve the mixed partial derivatives. It assigrghhi
the performance of s-SMOOTH improves as the noise levekeight to the central dipole and low weights to its neighbors,
decreasesHgures 8B 9B), source size increaseBigure 10B  resulting in a very high peak in the center of the reconstructed
and current density distribution gets far from a constantfétion ~ source. In contrast, the proposed vTGV operator takes both
(Figure 11B. unmixed and mixed partial derivatives into account and iseabl
The classical TGV assumes that the underlying image i® recover ne details of brain imageBigure 15compares the
piecewise polynomial (including piecewise constant, lineareconstructed brain image using a Laplacian operator and the
quadratic, etc.) and thus imposes sparsity in high-order gpati proposed vTGV operator. One can see that the vTGV operator
derivatives. In this work we extend the TGV framework fromreconstructs the intensity variation of the sources moreczely.
Euclidean spaces to irregular surfaces and propose a nowith the Laplacian operator, the reconstructed sources show
second-order VTGV operator. A large humber of simulationa high peak in the center and the intensity decays very fast
experiments with Gaussian-shaped sources show that it previdérom the center (“over-smoothing” e ect). Note that in this
better results than the state-of-the-art methods. It is sient  paper we treat each triangle as voxel, so each voxel has three
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FIGURE 15 | Comparison of Laplacian and vTGV operator. Top:  two sources with different con gurations. Bottom: two sources with different sizes. The left
panel visualizes the source localization results. The vTGperator provides accurate results with intensity distribtion closer to the ground truth. The right panel shows
the quantitative results.

neighbors. Accordingly, the weighting assigned to the i@nt For example, by setting they, pand to be 0, it becomes the
voxel by Laplacian operator is 1 and is -1/3 for its neighborsTV-"1 method. By further setting thes to be 0, it becomes the
In the case that each vertex is treated as voxel, this ovelV method. On the other hand, if choosing,, 2 and to be
smoothing e ect will become even more severe, since eadh it becomes the L1 method. In addition, some relevant mesho
vertex usually has 6 neighbors thus the weighing assigned tbat combine two regularization termsi@ufe et al., 2008; Chang
the neighbors will be only -1/6. From the quantitative rasul et al., 2010; Sohrabpour et al., 2pUsually describe the data
in the right panel ofFigure 15 one can see that the vTGV delity by using an inequality constraint. Instead, we intatg
operator is advantageous in both total reconstruction aacyr this term into our objective function. This enables us to apply
and localization accuracy. The focalization degree resu#t very e cient optimization methods such as ADMM to derive a fast
close for both operators. and robust algorithm. Compared to the optimization algoritem

The "1-norm regularization has been used in EEG sourcaised in these methodsH@ufe et al., 2008; Chang et al., 2010;
imaging to improve the focalization of the source for a longSohrabpour et al., 20),6the proposed algorithm in this paper
time (Matsuura and Okabe, 1995; Uutela et al., 1999; Huanig more e cient and robust, and it is also able to tackle large-
et al., 2006; Ding and He, 200dn this paper, we use the scale problems. Further, with this type of problem formatidiis i
"1 2 regularization instead of théi-norm regularization to possible to adopt some computing techniquEsifg et al., 2035
enhance sparsity of the image. The 2 regularization is a to further accelerate the algorithm, which will be the fugwwork.
very recently proposed regularization technique which resne  For parameter selection, we provide some typical parameter
the "1 regularization by taking the dierence between the values that work well in our experimenfable 1 lists some
and "> norms. In this paper, we set the parameter 2  values for 1 used in our experiments. Forp, we simply
[0,1]. When is equal to 0, 1 2 regularization becomes set it to be equal to 1. Note that it might provide a better
the " 1-norm regularization. We show that the reconstructionresult if » is further tuned. For 3, the parameter associated
accuracy is improved as increases , and it achieves thewith the sparsity term, we show that the source reconstruction
highest accuracy when D 1 (Figure 6B). Therefore, we results are not sensitive to the choice of as long as it is
set the to 1 in our experiments.Figure 6C shows that within the range 0.1 0.5 ;. Speci cally, we suggest to use
with D 1, the sparsity of the image improves faster 3 D 0.3 1. Notice that in this study we focus on spatially
than D 0, implying that the sparsity of the image is extended sources rather than point sources, therefore werass
further enhanced using thé; 2 regularization compared to relatively small weighting to the sparsity term. In the casatt
"1 regularization. On the other hand, if sparsity is xed, the underlying source is point source, larger weights can be
1 2 regularization helps to accelerate the convergence of thessigned to the sparsity term (e.gs, D 100 1) so as to make
optimization algorithm. the reconstructed source highly focalized. So far thesewpetexrs

Itis worth noting that the proposed objective functionisayer are tuned manually. In the future, the parameters could be
general frame, which includes some related methods, gT\L.  selected in an automatic fashion by treating the parameters a
and TV-'1, as its special cases by choosing proper parametermknown variables in the proposed model Equation (13) and
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then solving the corresponding optimization problem using thelt also consistently provides better performance than other
bilevel approachKunisch and Pock, 2013; Calatroni et al., 2015competitive methods in terms of quantitative criteria such a
Reyes et al., 2016 total reconstruction accuracy, localization accuracyd dagree

In the present study, the EEG source imaging methoaf focalization. The test on two P300 data sets further shibes
works for each time point independently. In the future, theadvantage of s-SMOOTH over state-of-art-methods in terms of
relationship between two contiguous time points could algo bbrain image quality. Although this paper focuses on discussing
modeled so that the brain imaging is done in a spatiotemporaEEG source imaging, the proposed method is equivalently
manner. Considering that the current source distributionsapplicable to MEG source imaging.
between consecutive time points usually changes smoothly
(Baillet and Garnero, 1997; Galka et al., 2004; Zhang et apAUTHOR CONTRIBUTIONS
2009, the temporal smoothness of the signal could be integrated
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