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Abstract: This article describes a spatio-temporal EEG/MEG source imaging (ESI) that extracts a parsimoni-
ous set of ‘‘atoms’’ or components, each the outer product of both a spatial and a temporal signature. The
sources estimated are localized as smooth, minimally overlapping patches of cortical activation that are
obtained by constraining spatial signatures to be nonnegative (NN), orthogonal, sparse, and smooth-in effect
integrating ESI with NN-ICA. This constitutes a generalization of work by this group on the use of multiple
penalties for ESI. A multiplicative update algorithm is derived being stable, fast and converging within sec-
onds near the optimal solution. This procedure, spatio-temporal tomographic NN ICA (STTONNICA), is
equally able to recover superficial or deep sources without additional weighting constraints as tested with
simulations. STTONNICA analysis of ERPs to familiar and unfamiliar faces yields an occipital-fusiform
atom activated by all faces and a more frontal atom that only is active with familiar faces. The temporal sig-
natures are at present unconstrained but can be required to be smooth, complex, or following a multivariate
autoregressive model. Hum Brain Mapp 30:1898–1910, 2009. VC 2009Wiley-Liss, Inc.
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INTRODUCTION

An electrophysiological source image (ESI) is an esti-
mate of those current source distributions in the brain that
generate observed electrical (EEG) and magnetic (MEG)
signals. The estimation procedure for ESI is known as the
EEG/MEG Inverse Problem which is, unfortunately,
severely ill posed and underdetermined [Michel et al.,

2004]. As a consequence, any given observed data can be
equally well explained by an infinite number of different
ESI. However, a unique ESI may be obtained by selecting
a given source configuration that not only explains the
data but also satisfies additional constraints or prior
information.

Over the past few years, several different choices of pri-
ors have been proposed for explaining the EEG/MEG at a
given time instant (instantaneous ESI) in a history that
starts with dipolar sources and has been extended with
different types of distributed inverse solutions-to a great
degree paralleling developments in statistical regression
analysis and atomic decomposition methods in signal
processing. This proliferation of ESI models immediately
begs the question: Which is the best prior to use? Summa-
rizing a recent trend our group has emphasized on the
need of using ESI models satisfying multiple priors
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simultaneously. The relative weight of each type of prior
will then be determined by a data driven procedure. This
strategy of different types of prior constraints to fit data
will be termed multiple-prior electrophysiological source
imaging and has been recently summarized in [Vega-
Hernández et al., 2008]. There is an additional vast litera-
ture on Bayesian models for instantaneous source localiza-
tion which we cannot summarize here completely. For
excellent reviews see [Nummemnaa et al., 2007a,b; Wipf
and Nagarajan, 2009]. It is not our purpose to review this
literature exhaustively but rather to extend this family of
generative models.

Instantaneous ESI only considers spatial constraints on
sources. By contrast, [Scherg and Voncramon, 1986]
pointed out early on, that major electrophysiological com-
ponents could be modeled by a fixed set of neural genera-
tors with time varying amplitudes. This assumption is the
basis of spatio-temporal ESI. There have been some
attempts to apply temporal penalizations to the sources of
distributed solutions [Baillet and Garnero, 1997; Galka et
al., 2004; Yamashita et al., 2004]. However, a major prob-
lem with most of these methods is the sheer volume of
data to be analyzed and visualized.

To overcome this data overload, some authors have
tried first to find a meaningful decomposition of the
space/time data into a small number of components or
atoms (each with a spatial and temporal signature) and
afterwards carry out ESI of the voltage atoms extracted.
We shall call this multistep approach tomography of com-
ponents. Methods used for tomography of component
have ranged from those applied with Principal Component
Analysis (PCA) [Koles et al., 1995; Marzetti et al., 2008], In-
dependent Component Analysis (ICA) [Onton et al., 2006;
Tang et al., 2002], Multilinear decompositions [Miwakeichi
et al., 2004], to others based on projection on temporal
bases [Ou et al., 2009; Zumer et al., 2008]. In fact it might
be rewarding to apply source localization to other types of
EEG decompositions. For example, in [Parra et al., 2005]
bilinear decompositions are described that extract spatio-
temporal atoms without restrictive spatial or anatomical
assumptions.

We consider that these methods are statistically subopti-
mal and advocate that extraction of relevant atoms and
ESI should be carried out simultaneously, a procedure that
we shall call component tomography. To our knowledge
this type of decomposition (that explicitly acknowledges
the existence of a lead field) has only been carried out for
PCA in source space (sPCA) as described by [Marzetti
et al., 2008]. Unfortunately sPCA for sources, the same as
PCA for the EEG suffers from rotational indeterminacy.
This has led us to look for a tomographic ICA which, in
our opinion, would benefit from the all advantages of this
type of decomposition. ICA is a rapidly evolving subject
which initially was identified with very specific methods
such as gradient descent on a mutual information objective
function that minimizes higher order dependency between
sources. However, in their seminal paper [Roweis and

Ghahramani, 1999] spelled out [Eqs. (23)–(30)] the general
generative model underlying ICA which can even be
extended to cope with temporal constraints such as in
[Parra and Spence, 2000]. This approach has been followed
by other authors [Friston, 2008]. In this context the EEG
ICA problem can be stated as the minimization of the fol-
lowing objective function:

jjV�MGjj22 þ f ðMÞ

The EEG data matrix V (channels by time points) is
decomposed into the outer product of k atoms. Here the k
spatial atoms are arranged by columns in the matrix M,
and the k temporal atoms are arranged by rows in the ma-
trix G � f(M) is a nonlinear penalty (corresponding to a
prior) that enforces some type of component independ-
ence. Carrying out source localization of the k columns of
M corresponds to what we call tomography of ICA com-
ponents. Rather than do this we propose to minimize the
following function:

jjV�KMGjj22 þ f ðMÞ

where K is the lead field thus obtaining a tomographic
ICA. Different types of ICA and tomographic ICA can be
specified by selecting the nonlinear penalty function f(M).
There has been a recent flurry of interest in nonnegative
ICA, initially described by Plumbley and Oja [Plumbley
and Oja, 2004]. In this case the orthogonality usually asso-
ciated with PCA is augmented with non negativity.

This article describes a new type of spatio-temporal ESI
that extracts a unique and parsimonious set of source
‘‘atoms’’ such that the sources estimated are localized as
smooth, minimally overlapping patches of cortical activa-
tion. Technically this is achieved by constraining spatial
signatures to be nonnegative (NN), orthogonal, sparse and
smooth. The method builds on recent results on nonnega-
tive and semi nonnegative matrix factorizations [Ding et
al., 2006b; Yoo and Choi, 2008] to date only applied to
directly observed data. Here, we generalize these techni-
ques to find components not in data space but rather in
source space-in effect integrating ESI with NN-ICA. We
shall therefore refer to this method as spatio-temporal to-
mographic NN ICA or STTONNICA. We present exam-
ples that show that tomographic ICA gives better results
than tomography on ICA.

The article is organized as follows: In the next section, a
summary of instantaneous ESI methods and their associ-
ated penalties lays the groundwork for the STTONNICA
procedure. The next section specifies the generative model
for the new method. Additionally, a multiplicative update
algorithm is derived which is stable, fast, and converges
within seconds near the optimal solution. The next two
sections describe results with simulated and experimental
data. In particular it is shown that STTONNICA analysis
of ERPs to familiar and unfamiliar faces yields an
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occipital-fusiform atom activated by all faces and a more
frontal atom that is only active with familiar faces as pre-
viously surmised. The discussion outlines possible exten-
sions of the new technique.

PRIORS FOR INSTANTANEOUS ESI

We first restrict our attention to ESI for images at a sin-
gle time instant. Without loss of generality we shall also
confine our attention to EEG ESI with sources restricted
within, and oriented perpendicularly to the cortical sur-
face. The ESI forward problem is:

vt ¼ Kgt þ et (1)

where vt is the vector of Ne voltages measured at time t, K
is the lead field, "t is the sensor noise, and gt the vector of
Ns cortical sources usually with Ns � Ne. We must find
estimates of gt. Instantaneous ESI impose spatial con-
straints on the currents gt. The corresponding ESI estimate
can be stated as:

ĝt ¼ arg min
g

kv�Kgtk22 þ kPðgtÞ (2)

where P(gt) is a penalization function and � a regulariza-
tion parameter. In most works P(gt) ¼ kHgk2p where the
symbol k�kp denotes the lp-norm. The functional (2) can
also be interpreted as a penalized least squares regression
or as a method for atomic decompositions in wavelet
dictionaries. A variety of recent ESTI methods and their
counterparts in statistics or signal analysis are shown in
Table I.

When the penalty term is a quadratic function of gt the
estimators are explicit and linear. This type of problem is
known in the linear regression field as ridge regression

with different operators H [Hoerl and Kennard, 2000] that
offer smooth solutions. In the past few years there have
been advances in penalized least squares regression that
highlight the use of non-convex (non quadratic) penalty
functions, which can produce sparser or more concen-
trated solutions [Fan and Li, 2001; Tibshirani et al., 2005],
especially useful for severely underdetermined problems
like ESI as has been shown by several authors [Beucker
and Schlitt, 1996; Matsuura and Okabe, 1995, 1997; Uutela
et al., 1999]. It should be noted that some confusion arises
due to the existence of several alternative algorithms that
minimize the same objective function (2). For example
some of the previously cited ESI methods are equivalent
to FOCUSS) [Gorodnitsky et al., 1995; Gorodnitsky and
Rao, 1997] and the Controlled Support MEG (CSMEG)
[Nagarajan et al., 2006].

A more recent trend has been to use multiple priors
simultaneously [Valdes-Sosa et al., 2006]. Specifically
Eq. (2) generalizes to

ĝt ¼ arg min
gt

kvt �Kgtk22 þ
XI

i¼1

kiPiðgtÞ (3)

where
P

�mPm(g), with m ¼ 1, : : : , M, includes all prior
information through the M penalty functions Pm. Each
penalty term imposes a different type of constraint and
has a corresponding regularization parameter km which
determines the relative importance given to each aspect of
prior specification. These parameters are selected by a
data driven procedure. In practice the Bayesian Informa-
tion Criterion (BIC) is used for this purpose since it pro-
vides a measure that trades off data fitting and model
complexity.

Equation (3) expresses the multiple penalized least
squares model described in [Vega-Hernández et al., 2008].
Table II sets out some recent attempts to use this type of
penalization in the ESI, statistical and signal processing

TABLE I. Names and references of methods using penalties based on minimizing different norms of the vector of

parameters (Nonsmooth) or of the smoothed vector of parameters (Smooth)

Norm

Nonsmooth Smooth

L0 L1 L2 L1 L2

Regression Entropy Penalty,
Subset selection
(Chen, et al.,
2001)

Lasso (Tibshirani,
1996)

Ridge (Hoerl and
Kennard, 2000)

Lasso Fusion (Land
and Fiedman, 1996)

Weighted ridge
(Hämäläinen,
1993)

Signal
Processing

Best Orthogonal
Basis (Chen, et
al., 2001)

Basis Pursuit
(Chen, et al.,
2001)

Methods of frames
(Chen, et al.,
2001)

— —

ESI Dipole (Scherg and
Voncramon,
1986) MUSIC
(Mosher and
Leahy, 1998)

Minimum current
estimates (Uutela
et al., 1999)

Minimum norm
(Hämäläinen and
Ilmoniemi, 1994)

Vareta (Bosch-Bayard
et al., 2001) Loreta-
L1 (Silvaa et al.,
2004) Focuss (Gorod-
nitsky et al., 1995)

Loreta (Pascual-
Marqui et al.,
1994) sLoreta
(Pascual-Marqui,
2002)
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literature. Vega et al. [Vega-Hernández et al., 2008]
described a family of models (Elastic Net-L) that combine
LORETA (Smooth L2 norm) and VARETA (smooth L1
norm) with a continuous transition of one type of ESI to
the other:

ĝtENET�L ¼ arg min
gt

kv�Kgtk22 þ ksparsekLgtk1

þ ksmoothkLgtk22 ð4Þ

It is precisely this blend of smoothness and sparseness
that will be applied to the identification of functionally sig-
nificant components in the next section.

SPATIO-TEMPORAL COMPONENT MODELS

The spatio-temporal model with k components is:

vt ¼
Xk

i¼1

Kmig
T
i;t þ et (5)

where the superscript T denotes vector transpose.
Here, a relatively small number, k, of components or

atoms are used to fit the observed data. For the i-th atom
its distribution on the cortex (spatial signature) is given by
mi and its temporal signature is given by gi,t. As before,
Ne is the number of electrodes, Nt the number of time
instants, Ns the number of cortical sources. K(Ne�Ns), is the
lead field. Arranging the data, spatial signatures, and
temporal signature in the matrices V(Ne�Nt) ¼
[v1(Ne�1)���vNt(Ne�1)], M(Ns�k) ¼ [m1(Ns�1)���mk(Ns�1)], and
G(k�Nt) ¼ [g1(Nt�1)���gk(Nt�1)]

T summarizes the generative
model as.

VðNe�NtÞ ¼ KðNe�NsÞMðNs�kÞGðk�NtÞ þ EðNe�NtÞ (6)

The multiple penalty objective function (3) for instanta-
neous ESI is adapted to Spatio-Temporal modeling as:

kV�KMGk22 þ
XI

i¼1

kiPiðMÞ (7)

Although in Eq. (7) other penalty functions on G may
be also included, a refinement postponed for future work.
For instance, in the specific case of the Elastic Net-L model
(hereinafter ENET), Eq. (5), takes the following form

kV�KSMGk22 þ ksparsekMk1 (8)

where S(Ns�Ns) is a Smoothing Kernel defined as S ¼
(I þ ksmoothL

TL)�1.

STTONNICA

Unfortunately sparseness and smoothness do not guar-
antee uniqueness of the model since MG ¼ MAA�1G.
Uniqueness does follow by requiring that spatial signa-
tures be nonnegative M � 0, and that they be column-
orthogonal (MTM ¼ I, with I the identity matrix). The
important paper [Ding et al., 2006a] demonstrates this
uniqueness. These authors also point out that this form of
matrix factorization is equivalent to k-means clustering
since in each row only one element can be nonnegative
thus specifying a cluster label. Our specification of priors
thus stipulates that we are searching for smoothly vary-
ing non-overlapping patches of cortical activation, with
most of the cortex inactive.

It should be mentioned that the particular form objective
function (6) is based on the non-smooth nonnegative facto-
rization algorithm. [Pascual-Montano et al., 2006].

Estimation of M and G proceeds as follows:

1. Initialize M with random positive numbers. Note that
this initialization is NOT an orthogonal matrix-the
algorithm quickly reaches this property.

2. Estimate G by ordinary least squares: Ĝ ¼
(XTX)þXTV, where X ¼ KSM and Aþ is the Moore-
Penrose pseudo inverse of A.

TABLE II. Names, equations and references of methods using multiple penalties

Name Equation Reference

Fused lasso ĝFusedL ¼ arg min
g

kv�Kgk22 þ ksparse1kgk1 þ ksparse2kDgk1 (Tibshirani et al., 2005)

Fused ridge ĝRFused ¼ arg min
g

kv�Kgk22 þ ksmooth1
kgk22 þ ksmooth2

kLgk22 (Vega-Hernández et al., 2008)

Elastic net ĝENET ¼ arg min
g

kv�Kgk22 þ ksparsekgk1 þ ksmoothkgk22 (Zou and Hastie, 2005)

Elastic Net-L ĝENET�L ¼ arg min
g

kv�Kgk22 þ ksparsekLgk1 þ ksmoothkLgk22 (Vega-Hernández et al., 2008)

Smooth lasso ĝS�LASSO ¼ arg min
g

kv�Kgk22 þ ksparsekgk1 þ ksmoothkDgk22 (Hebiri, 2008)

Focal vector field reconstruction ĝFVR ¼ arg min
g

kv�Kgk22 þ ksparse1kgk1 þ ksparse2kLgk1 (Haufe et al., 2008)

Controlled support MEG ĝCSMEG ¼ arg min
g

kv�Kgk22 þ ksparsekgk0 þ ð1� ksparseÞkgk1 (Nagarajan et al., 2006)

D is gradient (first differences), L is Laplacian operator.
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3. Estimate M through the multiplicative update rule:

M ¼ M: � ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðrN:=ðrP þ sÞÞsp
, where .* and ./ respec-

tively denote the dot-product and dot-division (ele-
ment by element), s is a small constant to avoid
division by zero, and !N, !P are specified below.

4. Alternate between steps 2 and 3 until M converges.

The expressions needed for step 3 are:

rP ¼ ½ðKSÞTVGT�� þ ½ðKSÞTKSMGGT�þ
þ ½MGTKSM�þ þ ksparse1Ns

1Tk þ lMðMTM� IÞ
rN ¼ ½ðKSÞTVGT�þ þ ½ðKSÞTKSMGGT�� þ ½MGTKSM��

þ ½MGGTMTðKSÞTKSM�þ þ ksparseM1Ns1
T
kM

where [A]� and [A]þ represent the negative and positive
values of the matrix A. The derivation of this multiplica-
tive update rule is given in Appendix A.

This algorithm is carried out for a range of values of
ksmooth and ksparse. To compare models with different
number of components and values of the regularization
parameters the Bayesian Information Criterion (BIC) is
evaluated as BIC ¼ kV � KSM̂Ĝk22 1 df�log(n)/n, where
M̂ and Ĝ are the estimators of the spatial and temporal
signatures. Also df denotes the degrees of freedom of the
model and n the number of data points.

STTONNICA, as all nonnegative factorization models is
sensitive to initial conditions. In practice, it is common to
apply the algorithm several times with different random
initializations. AS shown in Figure 1, the BIC curve
improves with the number of initializations. So, in the fol-
lowing, we set the algorithm to use 25 initializations for a
more robust and reliable estimation.

RESULTS WITH SIMULATED DATA

A simulated data set was prepared with a small subset
of voxels in the cortical surface of the MNI brain atlas

[Trujillo-Barreto et al., 2004]. A total of 736 voxels were
selected on an axial slice and 32 electrodes were located
around the head at the same height (see Fig. 4A). White
noise was added to the electrodes with a resulting power
signal to noise ratio (SNR) of 14 dB.1 The lead field for
this configuration was computed using a three-sphere
piecewise homogeneous and isotropic model for the head.
The primary current density (PCD) can then be considered
to be a function defined on a line interval (with the end-
points joined), in which neighboring elements are also
neighbors in the brain space, as they are placed on the
cortical surface. With this lead field iterative estimation of
the STTONNICA model for a given set of regularization
parameters took 1.2 s on an Intel Core 2 Duo, 2.4 GHz, 8
GB RAM desktop.

As an illustration of the performance of the method, two
different scenarios were simulated for the spatial distribu-
tion of the PCD. In the first one, two Gaussian sources of
width ¼ 10 voxels were constructed, whose maxima were
located at points with different depth relative to the sen-
sors. Figure 2 (upper left) shows a linear representation of
these sources, which are shown in left panels of Fig-
ure 4B,C as superimposed on the axial slice of the head.
The corresponding time courses were simulated as per-
turbed rhythmic activity with different frequencies and
amplitude (Fig. 2, upper right).

In the second scenario, we simulated three different
Gaussian sources with the same depth, but different width
(the first with width ¼ 10 voxels and the other two with
width ¼ 30 voxels) as shown in Figure 3 top left and left
panels in Figure 4D–F. The time course of the first source
was simulated as a typical ERP, whereas the other two
were the same oscillations used in the first simulated sce-
nario (Fig. 3, upper-right panel). In both cases the data
were generated from the average referenced lead field
with the addition of a noise component corresponding to
the SNR defined earlier.

Figure 1.

BIC curves obtained as the minimum across a number of initializations for each value of the reg-

ularization parameter. Note that the noisy behavior of BCI for a small number of initializations is

considerably reduced when this number is increased. The BCI curve for 100 initializations (not

shown) closely resembles the one for 25 initializations. So, we decided to use this number for all

subsequent runs of STTONNICA.

1SNR ¼ 10log10
power signal
power noise .
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For both types of simulations the STTONNICA ESI pro-
cedure was applied as described earlier. Because the sour-
ces lie on a line, a one-dimensional Laplacian L ¼
toeplitz([2 � 1, zeros(Ns � 2)]) was defined as a roughness
penalty, from which the smoothing matrix was then
obtained by inversion. The regularization parameters were
found by minimizing the BIC criterion, a process that was
feasible due to the speed of the computations. In any case,
the reconstruction in both scenarios was excellent, even

despite of the low signal to noise ratio, as can be seen
comparing the top and bottom parts of Figures 2 and 3, as
well as the right and left panels in Figures 4B–F.

To compare the performance of STTONNICA as a com-
ponent tomography with that of a more common tomogra-
phy of components, we used the data of the second
simulated scenario described earlier. First, we decompose
the data in three independent components with an ICA
algorithm as described in [Onton et al., 2006]. Second, the

Figure 2.

STTONNICA recovery of two extended sources at different

depths. The top row shows the spatial signature (left) and tem-

poral signatures (right) of two simulated EEG atoms. Voltages

were generated by using a lead field with a simplified EEG direct

problem as shown in Figure 3A with the addition of noises in

the sensors. In this simulation, one atom represents a deeper

source and the other a more superficial one. The results of

source imaging with STTONNICA are shown on the bottom

with good recovery of the simulated spatial (left) and temporal

(right) signatures.

Figure 3.

STTONNICA recovery of three extended sources with varying widths. The top row shows the

spatial signature (left) and temporal signatures (right) of three simulated EEG atoms generated as

in Figure 1, in this case designed to test quality of recovery with sources with different spatial

extensions. The results of source imaging with STTONNICA are shown on the bottom with

good recovery of the simulated spatial (left) and temporal (right) signatures.

r Spatio Temporal Tomographic Nonnegative ICA r

r 1903 r



topographical components were subjected to source local-
ization using LORETA and ENET. Figure 5 shows the spa-
tial maps obtained together with the true source and the

already reported STTONICA solution. As can be seen to-
mographic ICA produces less phantom sources and has
less crosstalk than tomography of ICA components.

Figure 4.

Simulation tests of STTONNICA recovery of EEG atoms. Simu-

lations were carried out with a simplified direct problem. Both

cortical sources and electrodes were restricted to a single axial

slice of the brain as shown in A. On the left is a three-dimen-

sional rendering of the cortical surface. The yellow circles indi-

cate electrode positions and the red line mark the voxels to

which active sources were restricted. These voxels are marked

also on the axial slice on the right. For the pairs of images

denoted as B–F, on the left shows the simulated cortical source

and the right side the spatial signature recovered by STTONN-

ICA Figure 3B,C show the results for the two source simulation

that corresponds to Figure 1, consisting of one superficial and

one deep source. Figure 3D–F shows the corresponding results

for sources at totally different locations. The quality of the

reconstruction of the sources is evident.

Figure 5.

Component tomography versus tomography of components. The left panel shows the three

‘‘true’’ simulated sources (second scenario). The middle and right panel shows the absolute value

of ENET and LORETA solutions respectively, obtained from the three ICA components. All solu-

tions were normalized for the easiness of comparison. These figures can be compared to the

STTONICA solution shown in Figure 3.
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A comparison can also be made between STTONNICA
and other instantaneous ESI methods such as LORETA,
ENET, and LFUSION. For this purpose, we prepared 20
different two-sources configurations, based on the first sce-
nario described earlier. The first source was a narrow
Gaussian with five different random localization of the
maximum, while the second source was a wider Gaussian
whose maximum varied in four different random posi-
tions. For each simulated data, three different values of
SNR were used (14 db, 20 db, and 30 db) making a total
of 60 simulations. LORETA, ENET, LFUSION, and
STTONICA were applied to each of the simulated data.

Different quality measures were computed for assessing
the goodness of reconstruction. These were the localization
error, full width at half maximum (FWHM), visibility and
temporal reconstruction. The first three are detailed in
[Vega-Hernández et al., 2008], while the fourth refers to
the correlation between estimated and true temporal
waveforms. STTONNICA was required to estimate two
components. However, the other three instantaneous
methods were applied separately to each time point of the
spatio-temporal data matrix. A representative spatial map
was obtained for the time point in which the sum of the
two simulated temporal courses is maximum in magni-
tude. Thus, this spatial maps shows simultaneously both
sources, but we compare them separately with the corre-
sponding true spatial map.

Figure 6 shows plots summarizing this comparison. The
bi-dimensional plots correspond to the normalized quality
measures (0 for the worst recovery, 1 for ideal 100% corre-
spondence between estimated and true sources). Each
method is represented by a rectangle covering from per-
centile 25–75 in both dimensions [Vega-Hernández et al.,
2008].

SOURCE ANALYSIS OF ERPS FROM A FACE

FAMILIARITY EXPERIMENT

As an illustration of the method using real data, ERPs
were obtained from an oddball paradigm in which fre-
quent unfamiliar faces (UNFAMILIAR) were used as
standard stimuli (83%) and the infrequent target stimuli
were face of acquaintances (FAMILIAR) (17%), which
were selected among the family and close friends of each
subject (i.e., this was different for each subject). Face stim-
uli were presented for 1,000 ms, with an inter-stimulus
interval (ISI) of 1,000 ms. Data acquisition was carried out
with 120 monopolar derivations, using electrodes mounted
in an elastic cap homogeneously distributed over the scalp
(subsample of the Electrocap 128 montage) referred to
linked earlobes. Signals were amplified by a factor of
10,000 and filtered between 0.5–30 Hz (3 dB down, and a
notch filter with peak at 60 Hz was used). The EEG was

Figure 6.

Spatio-temporal components vs. instantaneous source localization. Comparison between

STTONNICA, LORETA, ENET, and LFUSION according to measures of the quality of the recon-

struction. Upper row: Localization error versus temporal reconstruction. Lower row: Visibility

versus full width at half maximum. Each method is shown as a rectangle covering the percentiles

25 and 75 in both axes. STTONNICA appears in black and the other methods in gray tones.
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digitally recorded at a sampling rate of 200 Hz, with 700
ms epochs, and a 300 ms pre-stimulus baseline. Averaged
evoked responses for each subject were digitally low-pass
filtered (5.5 Hz cut-off) and DC corrected. A detailed
description of the paradigm and recording parameters can
be found in [Bobes et al., 2007]. As described in that paper
both unfamiliar and acquaintance faces elicited a N170
component associated to face presentation. Additionally
faces of acquaintance elicited a P3 component with two
subcomponents, an early P3 with latency at about 350 ms
and larger over frontal sites and another with latency at
about 500 ms, larger over central-parietal sites. For analy-
sis with STONNICA the grand average of 10 subjects was
obtained. Before obtaining the grand average, individual
recordings were visually inspected and electrodes with ex-
cessive noise were eliminated and substituted by an inter-
polation of the 11 closest neighbors.

To finesse the issue of registration of different brains a
representative head and brain was used as a template. The
head used was the standard high resolution COLIN head
from which the lead field was obtained with a three con-
centric sphere model as implemented in the BRAIN-
CRACKER software (NEURONIC SA). The cortical surface
(white matter/gray matter frontier) was approximated
with 5656 triangles. The vertices of the triangles were
taken as the locations of the potential sources generators
and their orientation as the average of the normals of all
triangles sharing a vertex. A surface Laplacian was also

obtained from the cortical surface for use as a roughness
penalty. Both data and lead field were transformed to an
average reference montage prior to STTONNICA computa-
tions. For this situation the estimation of a STTONNICA
solution for a given set of regularization parameters took
4.2 s. Of course several sets of parameters had to be
explored and such a search took about 15 min.

The ERP data for both conditions (FAMILIAR and
UNFAMILIAR) were concatenated along the time axis.
This was done to estimate common spatial signatures for
both conditions. It was expected that the variation of tem-
poral signatures would indicate the psycho-physiological
relevance of the atoms extracted. The expectation was that
a more frontal brain area involved with emotional process-
ing would be sensitive to familiarity and a more occipital-
temporal one with unspecific face recognition.

Two STTONNICA atoms were found to be optimal for
describing this data. We shall designate these atoms as
‘‘Generators 1 and 2’’. Their spatial signatures are shown
in Figure 7 and their temporal signatures are shown in
Figure 8. It is interesting to note that Generator 1 has a
more frontal distribution. Its time course is enhanced for

Figure 7.

Spatial Signatures of STTONICA atoms of ERPS to Familiar ver-

sus unfamiliar faces. Intensity coded map of the magnitude of

the spatial signature of the two STONNICA atoms obtained

from ERPS to familiar versus unfamiliar faces. On the left are

views of the right hemisphere. On the left are views of the base

of the brain with the frontal pole towards the left. Note the

more frontal localization of Generator 1 and the more occipital

one of Generator 2 with activation of the right fusiform area.

Figure 8.

Temporal Signatures of STTONICA atoms of ERPS to Familiar ver-

sus unfamiliar faces. The temporal signature for Generator 1

shows major deflections for only familiar faces. That of Generator

2 shows great variability for both familiar and unfamiliar faces.
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familiar faces but not for unfamiliar faces. By contrast
Generator 2 is present in the occipital pole and notably in
the fusiform area. It is to be noted that the frontal atom is
only active for familiar faces whereas the more occipital
atom responds to both types of stimuli. Thus, these results
are in good correspondence with prior expectations.

These results can be compared to the sources found by
an instantaneous method using the traditional single-la-
tency analysis. In this data, the four topographies corre-
sponding to latencies 350 and 500 ms for each condition
(FAMILIAR and UNFAMILIAR) were subjected to source
localization using Elastic Net. Figure 9 shows the solutions
obtained. It can be seen that in addition to the more
blurred activations, it is also more difficult to interpret
these solutions in terms of the sources related to the proc-
essing of familiar or unfamiliar faces, as can be easily
done with STTONNICA.

DISCUSSION AND CONCLUSIONS

This article introduces for the first time a fusion of inde-
pendent component analysis and electrophysiological
source imaging (ESI) to address spatio-temporal models.
Spatio-temporal tomographic nonnegative ICA (STTONN-
ICA) estimates each component or ‘‘atom’’ as the outer
product of a spatial and temporal signature. This separa-
tion results in physiologically more interpretable estimates.
Moreover, imposing constraints of smoothness, sparsity,
positivity and orthogonality on the spatial signatures
results in estimates of cortical activation that have several
desirable properties. For example, a major distinction with
regard to previous ICA techniques is that these components
are estimated in the source space instead of in the data

space as is usual [Onton et al., 2006; Tang et al., 2002]. In
fact the spatial constraints of nonnegativity and orthogonal-
ity translate into spatial clustering of active voxels provid-
ing an automatic functional parcellation of the cortex.

The identification of non overlapping sources has
recently been a subject of some interest. A similar objective
has been recently stated as the principal of minimally
overlapping components or MOCA [Marzetti et al., 2008].
These authors carry out the following steps:

1. Find spatial topographical components with the
method known as PISA. This is a frequency domain
method that operates on the imaginary part of the
crosspectral matrix.

2. A linear inverse solution is applied to the real and
imaginary parts of the eigenvectors of the PISA com-
ponents found by PCA or sPCA (source PCA).

3. The source space is rotated so that these tomographic
components are both orthogonal and have minimal
fourth order statistics in the spirit of ICA.

MOCA is similar to our approach in that it posits non
overlapping sources but differs in the pair of requirements
to achieve it: non negativity and orthogonality for
STTONNICA; minimal fourth order statistics and ortho-
gonality for MOCA). More importantly, STTONNICA car-
ries out the estimation in a single step-thus the term
‘‘tomographic ICA’’. We have recently speculated with one
of the authors of MOCA (G. Nolte) that PISA-MOCA
might be achieved at one step using a similar approach to
ours-thus carrying out tomographic ICA instead of tomog-
raphy on ICA.

The objectives of [Daunizeau et al., 2006] are also very
similar to ours in that they propose a Bayesian hierarchical
model with the outer product of spatial locations modeled
as clusters of voxels (spatial soft K-means found by Mix-
tures of Gaussians) and a temporal component. As pointed
out by [Ding et al., 2006a,b] the semi nonnegative factori-
zation is equivalent to both soft and hard K-means cluster-
ing. Further work is needed to compare the relative
theoretical and computational advantages of both
techniques.

A question that arises is whether the hypothesis of non
overlapping sources is physiologically meaningful. We do
consider it a useful approximation since the EEG (MEG)
reflects the activity of large neural masses and successive
activation of different brain sites is plausible and is the ba-
sis of all current spatio-temporal models. However, let us
consider two scenarios in which this assumption may be
challenged:

• If two subpopulations of the same brain site are active
with different temporal dynamics neither STTONN-
ICA nor any other current model based on Eq. (5)
would be able to separate these sub-populations with-
out some additional temporal a priori information.
The model for STTONNICA can be extended to

Figure 9.

Absolute value of ENET tomographic solutions for the two P3

latencies (300 and 500 ms) and each of the experimental condi-

tions (FAMILIAR and UNFAMILIAR). Note the much more local-

ized activation obtained by STTONNICA than for the other

methods.
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include temporal constraints in a relatively straightfor-
ward manner as will be discussed later on.

• Care must be taken with the time window analyzed.
Too long time windows may lead to confounding sev-
eral temporal dynamics into one single spatial source.
Too short time windows may lead to overseparation
of spatial sources for a common dynamics. The correct
length of segments could be decided by means of in-
formation criteria such as BIC proposed earlier.

Despite these caveats both the simulations and analysis
of actual data presented in this article show that STTONN-
ICA is a promising approach. STTONNICA is able to
recover sources with different degree of sparseness and
spatial smoothness, as well as with rhythmic and ERP-like
temporal dynamics (Figures 2–4). It also shows better
reconstructions (much less ghost sources and cross-talk)
than the tomography of components obtained by LORETA
and ENET after ICA decomposition (see Fig. 5). The ex-
haustive comparison with instantaneous approaches such
as ENET, LORETA, and LFUSION showed that STTONN-
ICA exhibited the best compromise with respect to meas-
ures of quality of the reconstruction (see Fig. 6). Finally,
STTONNICA was also able to produce more interpretable
and physiologically meaningful results when applied to
real ERP data than the traditional single-latency approach
using the instantaneous ESI method ENET (Figs. 7–9).

In general, one interesting feature of the proposed tech-
nique is that there is no need for depth weighting as nec-
essary for most distributed solutions. This may be due to
the fact that the resulting models are very constrained and
therefore not underdetermined. The algorithm selected
(multiplicative updates) is easy to implement, fast and
quite flexible. It is easy to foresee tailored ‘‘prior carpen-
try’’ to incorporate more detailed anatomical ad physiolog-
ical prior information into ESI based on this heuristic.

In the present work we have not imposed constraints on
the temporal signatures. One immediate extension is
requiring a smooth temporal time course. Preliminary
results indicate that this requirement does not slow down
the algorithm too much. However similar results might be
obtained by preprocessing the data with adequate tempo-
ral filtering. A possibly more useful extension would be to
posit some sort of multivariate autoregressive model for
the temporal signatures. This would transform this model
into a state space model and allow the evaluation of causal
relations between the atoms. Work along these lines has
already begun. Another possible extension would be the
analysis of complex valued time series as result from
time/frequency decompositions. Finally it should be noted
that STTONNICA is a new type of generative model for
Bayesian ESI. As such, the particular estimation procedure
used in this article does not need to be its only embodi-
ment. Indeed it is easy to envisage its use with other
Bayesian estimation methods such as E-M, variational
methods, Bayesian Model averaging or MCMC [Num-
memnaa et al., 2007; Trujillo-Barreto et al., 2004].

APPENDIX A

Derivation of the Multiplicative Update Rule for

Estimation of the Spatial Signatures

As set out in [Ding et al., 2006b; Yoo and Choi, 2008]
the multiplicative updates for minimizing an objective
function with respect to a nonnegative M can be stated as:
M ¼ M: � ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðrN:=ðrP þ sÞÞsp

; where .* and ./ denotes the
dot-product and dot-division respectively and !N and !P

are the negative and positive parts of the gradient of
the objective function. In our case the objective function
is kV�KSMGk22 þ ksparsekMk1 ¼ kV�KSMGk22 þ ksparse �
1TNs

M1k. The gradient function with respect to M is
rM ¼ ðKSÞTðV�KSMGÞGT þ ksparse1Ns

1Tk . Where 1Ns
is a

Ns-length column vector of ones. As we also impose ortho-
gonality on M we wish to carry out updates only on the
Stiefel Manifold of matrices with orthonormal columns
[Yoo and Choi, 2008; Edelman A, Arias TA, Smith ST,
1998]. For this reason the correct gradient to use is
~rM ¼ ~rM �M ~rT

MM. Additionally, to avoid drifts off the
desired manifold we add a lagrangian term to modify gra-
dient to enforce the original constraint [Plumbley, 2005]:
~rM ¼ ~rM �M ~rT

MMþ lMðMTM� IÞ. As a consequence
the positive !P and negative !N parts of the modified
gradient are

rP ¼ ½ðKSÞTVGT�� þ ½ðKSÞTKSMGGT�þ
þ ½MGTKSM�þ þ ksparse1Ns1

T
k þ lMðMTM� IÞ

rN ¼ ½ðKSÞTVGT�þ þ ½ðKSÞTKSMGGT�� þ ½MGTKSM��

þ ½MGGTMTðKSÞTKSM�þ þ ksparseM1Ng
1TkM

where [A�] and [Aþ] represent the negative and positive
values of the matrix A.
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