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Abstract

We present a new approach to the preprocessing of the electroencephalographic time
series for EEG inverse solutions. As the first step, EEG recordings are decomposed
by multichannel matching pursuit algorithm—in this study we introduce a compu-
tationally efficient, suboptimal solution. Then, based upon the parameters of the
waveforms fitted to the EEG (frequency, amplitude and duration), we choose those
corresponding to the the phenomena of interest, like e.g. sleep spindles. For each
structure, the corresponding weights of each channel define a topographic signature,
which can be subject to an inverse solution procedure, like e.g. Loreta, used in this
work.

As an example, we present an automatic detection and parameterization of sleep
spindles, appearing in overnight polysomnographic recordings. Inverse solutions ob-
tained for single sleep spindles are coherent with the averages obtained for 20
overnight EEG recordings analyzed in this study, as well as with the results re-
ported previously in literature as inter-subject averages of solutions for spectral
integrals, computed on visually selected spindles.
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1 Introduction

In recent decades electroencephalography is losing field to the new brain imag-
ing techniques like MRI/fMRI and PET. This is mainly due to the fact that
these imaging techniques provide information directly related to the well
known anatomy of the brain at a scale of few millimeters, which is more
appealing and easier to interpret for the clinicians.

Nevertheless, EEG (together with MEG) still has the highest temporal resolu-
tion, and provides information directly related to the function of the brain—
all from a relatively cheap and non-invasive technique. Therefore, several at-
tempts were directed at relating the structures, known from the EEG traces,
to the anatomical locations of their cerebral generators. Unfortunately, this
so called EEG inverse problem is ill-posed and underdetermined (c.f. Koles
(1998)). There is an infinity of possible electric current density distributions
in the brain which may generate the same potential on the scalp surface.
Choosing a unique solution requires a priori information, independently of the
EEG data, which are usually an arbitrary choice of additional constraints.

There can be different kinds of constraints, the most used being of anatomical
and physical-mathematical nature. The former consist basically on restricting
the solution to some physiologically supported area, which can be a partic-
ular structure or the whole gray matter. The latter vary from considering
the solution to be a sum of current dipoles to choosing the distributed solu-
tion with minimum norm or maximum smoothness. On the other hand, the
task of solving an ill-posed problem by adding additional information about
the solution has been firstly treated by the Tikhonov regularization (Pascual-
Marqui et al., 1994; Wang et al., 1992; Hamaéldinen and Ilmoniemi, 1994).
Recently, the Bayesian approach has gained adepts because of its possibilities
in introducing a priori information in a natural and flexible way (Schmidt
et al., 1999; Trujillo-Barreto et al., 2004). Other approaches and combina-
tions of the previously mentioned with time series and Fourier analysis have
appeared in this field as well. According to constraints and algorithms used,
different solutions are being promoted by different groups: LAURA, EPIFO-
CUS (Grave de Peralta-Menendez and Gonzales-Andino, 2002), ELECTRA
(Grave de Peralta-Menendez et al., 2000)—and probably the most popular
LORETA (Pascual-Marqui et al., 1994), with variants such as sLORETA
(Pascual-Marqui, 2002), VARETA (Bosch-Bayard et al., 2001) and Bayesian
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Model Averaging solution (Trujillo-Barreto et al., 2004).

Just from the abundance of different solutions, one can see that the issue is
complicated and far from stable conclusions, since none of the methods men-
tioned above gives fully satisfactory results in all kinds of EEG data. In this
regard, an inverse solution is preferred according to the case of study. Some
of them are suitable for applications in which a small region of the brain
is active (as is the case for example in evoked potential studies) and others
when the current density spread out in wider areas (e.g. spontaneous EEG, tu-
mors, epilepsy). On the other hand, most of them, particularly Loreta, present
usually physiologically non-interpretable sources, called ghost sources, and an
inherent incapacity for recovering deep sources (Trujillo-Barreto et al., 2004).
This bias on the recovering of the source amplitude is particular important
when there exist more than one active source. The solution tends to present
the cortical one (or nearer the electrodes) larger than the others, usually mask-
ing some strong activations in important deep structures of the brain. This is
one of the motivations for the continuous developing of new methodologies for
inverse solutions, although it has been shown that the bias can be overcome
with a statistical postprocessing of the solution (Bosch-Bayard et al., 2001).

1.1 Motivation of this study

The scalp EEG is generally considered to be a linear sum of multiple neural
masses or generators’ electrical activity (Lopes Da Silva, 1999). Each of these
generators, apart from its different localization, usually has a particular spec-
tral content (probably with a signature very far from a delta function), and
even a particular temporal evolution of its spectrum. This fact has brought
neuroscientists to the task of decomposing the EEG into a sum of what can
be called atoms of the electrical activity of the brain. Most of atomic de-
compositions of the EEG have taken into account two of the three inherent
dimensions of this data, such as the space-time decompositions by Princi-
pal and Independent Component Analysis (PCA and ICA: Lagerlund et al.
(1997); Cichocki and Amari (2002); Hyvarinen et al. (2001)), time-frequency
analysis with the use of windowed Fourier transform (Makeig, 1993), wavelet
transformation (Tallon-Baudry et al., 1997; Bertrand et al., 1994; Bartnik
et al., 1992) and matching pursuit algorithm (Durka and Blinowska, 1995).
Recently, new attempts of finding a multidimensional (space-time-frequency)
atomic decomposition of the EEG have been made, in the way of having a
complete description of the electrical activity of the underlying neural masses
(Konig et al., 2001; Miwakeichi et al., 2004; Martinez-Montes et al., 2004).

On the other hand, inverse solutions have been mostly applied to instanta-
neous data (i.e. time points of the EEG data are treated separately), although



some advances have been made to incorporate the temporal information for
obtaining more reliable solutions (Yamashita et al., 2004; Galka et al., 2004).
In the frequency domain, inverse solutions can be used as well due to the
linearity of Fourier transform. However, in this case, clear delineation of the
sources of activity usually requires heavy statistical post-processing of repeti-
tions or many subjects data. This is probably due to the fact that the model
underlying the inverse solution relates directly to energies of one or few gen-
erators, measured at the scalp. Unfortunately, spectral integrals used as the
input to these procedures incorporate also large amount of unrelated activ-
ity. For example, in (Anderer et al., 2001) spectral analysis was performed
on 1.25 sec time epochs with 0.8 Hz resolution in frequency; the content of
these 1.25 s x 0.8 Hz boxes, which is due to the activity of sleep spindles gen-
erators, may at best statistically dominate other contributions. This effect,
illustrated in Figure 1, is a direct consequence of the uncertainty principle in
signal analysis (Mallat, 1999).

[Fig. 1 about here.|

In this study we will present a new approach for source localization of single
structures with definite spatial-time-frequency properties. As a first step, ERG
recordings are decomposed into a sum of atoms, each being the product of spa-
tial (topographic) signature and waveforms having determined time-frequency
localization. This is achieved by the multichannel matching pursuit algorithm,
which is a generalization of the matching pursuit to analyzing several signals
simultaneously, i.e. multidimensional data. The second step consist of using
the topographic signatures of atoms of interest as input for obtaining 3D lo-
calization of its cerebral sources. This can be done through the use of any
of the known inverse solutions methods. In searching of simplicity and clear
understanding of the method, we will use the widely known Low Resolution
Electromagnetic Tomography (LORETA). It will be shown that application
of selective and high-resolution estimates of generators activity, symbolically
presented in Figure 1b and described in Section 2.1, significantly improves
the robustness of EEG inverse solutions. As will be presented in the following
sections, it allows for a repeatable localization of single structures, based upon
their time-frequency signatures.

2 Methods

2.1 Multichannel matching pursuit (MMP)

Matching pursuit algorithm (MP) with time-frequency dictionaries was pro-
posed by Mallat and Zhang (1993) as a suboptimal iterative solution to the



problem of optimal representation of monochannel signal in a redundant dic-
tionary. Bias-free version, proposed by Durka et al. (2001), relies on random-
ization of the parameters of Gabor functions forming the dictionary. Real
valued Gabor function can be expressed as

g, (1) = K(7)e (%) cos (w(t —u) + ), (1)

where v = {u,w, s, ¢} and K (v) is such that ||g,|| = 1. Dictionary contains
also Dirac and Fourier bases. From this dictionary, in each step we chose the
atom representing optimally the n-th residuum R"™f of the signal f, left from
previous iterations. For a monochannel signal f it can be written as

Rf=f
R'"f =(R"f, 9.9y, + R"'f (2)

Gy, = argmaxy cp [(R"f, g,,)|

This greedy algorithm can fail to properly decompose certain signals, contain-
ing simple combination of dictionary’s functions. Theoretical examples of such
failures are given e.g. by DeVore and Temlyakov (1996); Chen et al. (2001);
Durka (2003). However, this suboptimality does not seem to pose problems in
the parameterization of the EEG time series, as proved by 10 years of success-
ful applications. ?> Recently it was shown that such “failures” may be explored
to distinguish rhythmic discharges from series of unrelated/desynchronized
spikes (Durka, 2004).

Multichannel extension of the MP algorithm (MMP) can be achieved in many
ways. It is imaginable e.g. to allow for slightly different phases of the Gabor
atoms (1) in different channels—phase optimization is usually a separate step
in the numerical implementations. Differences in these phases might possibly
reveal the direction of the information flow between channels, as in the AR-
based Directed Transfer Function (Kaminski and Blinowska, 1991)—in this
case this flow would be attributed to a specified, single structure.® Since in
this study the MMP was intended as preprocessing for instantaneous EEG
inverse solutions, we keep the phases constant across the channels, assuming
each atom corresponds to the same activity in all of them, as discussed in the
next section.

2 For a review see e.g. (Durka and Blinowska, 2001; Durka, 2003) plus a recent
work on ERD/ERS (Durka et al., 2004)

3 However it is not obvious whether the information, contained in the EEG time
series collected with the standard resolution, would suffice to estimate such a mag-
nitude from single epochs.



Criterion for selecting the atom which “best” fits the residuum in all channels
f? of the multichannel signal f can be taken as

max » (R, g, )? (3)

Gyn €D i

(Gribonval, 2003). This choice relates to the maximum of the energy of the
multichannel signal, explained in one iteration. However, we may also choose

e.g.
max 3 [(R'F, g,,)]. (4)

g’Y’rLED i

Algorithms based upon (3) and (4) may differ in convergence, but a structure
from the dictionary, clearly present in f, should be parameterized equally by
both implementations, possibly in a different iteration. Slight differences in
estimated parameters may stem from the nonlinearity of the algorithm.

In this study we choose the MMP maximizing the plain sum of products:
max,, ep 1> (R, g.,)|. Owing to the linearity of the residuum operator R
(properties 1-2 presented in the Appendix), this choice allows for an efficient
implementation. Instead of finding in each step the product of each dictionary’s
waveform with all the channels, and then finding the maximum of the sum of
these products (as in Eq. 4) or their squares (as in Eq. 3), in each step we
decompose the signal constructed as the sum of all the channels residua, and
then find the product of the globally optimal waveform with each channel.
Denoting the average of all the N, channels as f = Ni S Ne £ we define the
algorithm as:

Rf=f
R'f = (Rf,g,,)8,, + R"'f

g,yn = arg man,yeD ‘ <Rnf7 g’}’>‘

Rnfz‘ — <Rnfi7g%>g’yn + Rn+1fi

This decomposition conserves the energy of representation (property 3 in the
Appendix); however, its convergence may be severely impaired in special cases,
when given waveform is present in different channels with exactly opposite
phases, with weights causing its total cancellation in the average signals R™f.
Nevertheless, if this cancellation is not complete, and a clear trace of the
atom g, is still present in R™f, then it should be correctly parameterized
by the products (R"f*, g.)—probably in a later iteration as compared to the
algorithm maximizing the sum of moduli or squares, since Y [(R"f*, g, )| >
> (R"f", g,,)|. As mentioned above, additional differences in (R"f’, g, ) for



different n may also stem from the nonlinearity of the MP algorithm, but in
general, except for a very special cases of total cancellation of a structure in
the average of all channels, v, and (R"f’, g,,) obtained from this approach
should be equivalent to those returned by an algorithm maximizing (3) or (4).
We may say that this flavor of MMP favours structures with equal phases in
all the channels. 4

As a reward, this procedure reduces the computational complexity by the
factor N, (that is number of channels). In this study N, = 21, but in general
for inverse solutions a larger number of derivations (e.g. 128) is suitable. Speed
of computations is still an important factor in practical applications, since the
unbiased implementations of MP (Durka et al., 2001) make it difficult to apply
some most natural numerical optimizations (this work is still in progress), and
unbiased MP is still computationally intensive.

Due to operating on the average of channels, this version of the algorithm
cannot be directly applied to the data presented in the average reference. In
this study, we performed the MMP computations on the original EEG signals,
which are referenced to the linked ears (A14A2). The output of this procedure
are the time-frequency atoms representing the structures of interest, and the
corresponding coefficients for each electrode given by the products (R"f?, g,,).
This vector represents a topographic (spatial) signature (see examples in lower
panel of figure 2) of the n-th atom, and completes the picture of a space-time-
frequency decomposition of the EEG data. As will be explained in the next
section, these topographic signatures conserve the magnitude of the original
data (since the gabor atoms are normalized) and the reference to linked ears.
Then these topographic signatures are taken as the input for a source local-
ization procedure.

2.2  Inverse solution

Three dimensional reconstruction of the current densities inside the brain,
obtained from the inverse solutions, is commonly termed brain electrical to-
mography (BET). The term “tomography” is also explicitly present in the
acronym of the method used in this study: LORETA stands for “LOw Res-
olution Electromagnetic TomogrAphy”. However, due to the problems men-
tioned in the Introduction, it may lead to serious misunderstandings when
e.g. directly comparing the clinical applicability of BET and CT. Therefore,
in the following we will avoid the use of the term “tomography”, and will use
“Inverse solution” or “source estimation/localization” indistinctly.

4 This feature will be more relevant e.g. for compression, where the index of the
iteration n may be used as a cutoff criterion.



The relation between scalp surface EEG measurements and the primary cur-
rent density is described by a linear equation:

a=Kj+e (6)

Here, a denotes the vector containing the scalp electric potentials at N, elec-
trodes. The vector j has thrice the number of voxels elements, corresponding
to the x, y and z components of the primary current density vector in each
voxel of a grid defined inside the brain. The matrix K, linking the current
density with the measurements, is called the lead field matrix. It can be cal-
culated by applying Maxwell’s equations to a particular head model (Nunez,
1981). The vector e is an additive random element representing unmodeled
effects such as observation noise. In the case of the data being a matrix A with
N columns (representing e.g. time points, trials, atoms), this formulation will
be the same with corresponding N columns in a matrix J.

The inverse problem is defined as the estimation of current density j from
a given measurement a and constitutes an ill-conditioned (sensitive to noise)
and ill-posed problem in the sense of Hadamard (Hadamard, 1923), since it has
non-unique solution. This is easy to see from the fact that the number of scalp
electrodes is much smaller than the number of voxels for which the current
density has to be estimated. Therefore, the imposition of additional constraints
on the solution is needed to obtain a unique solution. This can be done by
several approaches such as the Regularization Theory of Tikhonov like Loreta
(Pascual-Marqui et al., 1994) and Bayesian Theory (Trujillo-Barreto et al.,
2004) and/or using anatomical and other physical constraints like assuming
the current density to consist only of single current dipoles (De Munck, 1989;
Scherg and von Cramon, 1986; Scholz and Schwierz, 1994).

Another aspect to take into account is the ambiguity of voltage differences
with respect to the reference. Although this is not a problem for the inverse
solution procedure if the lead field is computed with the same reference used
for recording the data, it has been shown (Pascual-Marqui, 1995) that Loreta
solution is valid for equation (6) when the scalp voltage differences as well as
the lead field are taken to have average reference. This relates to the fact that
some practical or technical solutions for the reference in measuring the EEG,
such as the linked ears, does not represent a physical reference, i.e it can not
be located in a particular position in space. That is why the use of average
reference is a common practice as preprocessing of the data for solving the
EEG inverse problem and it is easily achieved by pre multiplication of both
the data and the lead field by the matrix H = I-117 /N,. Here I is the identity
matrix of size N., 1 is a N.-vector of ones, and 17 denotes its transpose.

In this study we used the implementation of an inverse solution (hereinafter
Loreta solution), developed in the Cuban Neuroscience Center, which uses



three concentric spheres model with solution space constrained to cortical
gray matter and hippocampus (based upon the human brain atlas by Ta-
lairach and Tournoux (1988)). The lead field was computed as defined by
Riera and Fuentes (1997), and Loreta algorithm (Pascual-Marqui et al., 1994)
was used with an automatic setting of regularization parameter based on the
minimization of the generalized cross-validation function. The average Prob-
abilistic MRI Atlas produced by the Montreal Neurological Institute (Collins
et al., 1994; Evans et al., 1993, 1994; Mazziotta et al., 1995) was used for
computation and representation of Loreta inverse solutions.

This methodology was applied for source localization of single atoms with
specific time-frequency characteristics, found from adaptive decomposition of
EEG time series by MMP (Section 2.1). In a matrix notation, MMP repre-
sentation of a spatio-temporal EEG recording F® in N, atoms is expressed as
the product of two matrices plus the N, + 1 residual:

Fn.xnv, = An.xn, G, xn, + RN“HFNeth (7)

The rows of matrix G are the g, (n = 1... N,) fitted by MMP to the signal F.
The i-th element of n-th column of matrix A is the scalar product (R"f', g,.)-

The square of these elements gives the energy explained by the n-th atom fitted
in the i-th channel, since dictionarys functions g, —are normalized. From the
linearity of the procedure (see Appendix) it is easy to see that these signatures
will have the same reference as the original EEG data. In this study, the
data is referenced to the linked ears and therefore, so will be the topographic
signatures. Values of these topographies can be positive or negative.

In the second (separate) step of the proposed method, the spatial 3D local-
ization of the sources of single atoms is carried out from each topography
according to Equation 6. For this purpose, the topographic signatures are
taken to have average reference as required by LORETA (Pascual-Marqui,
1995), but this does not imply any further assumption or transformation on
the data than those already made in the first step (MMP decomposition).

2.8  Parameterization of sleep spindles

In the last decade matching pursuit with Gabor dictionary was successfully
applied in monochannel analysis of several types of EEG signals—for review
see e.g. (Durka and Blinowska, 2001; Durka, 2003). Reliability of detection

5 In the other sections and equations, multichannel signal forming the matrix F is
denoted by f, and the one-dimensional signal in channel i as f* (i = 1...N,)



and parameterization of sleep spindles in single EEG channels was presented
by Zygierewicz et al. (1999) and Durka et al. (2002). In this study, structures
corresponding to sleep spindles were automatically chosen from the matching
pursuit decompositions of artifact-free epochs of stage 2, as Gabor functions
with frequency from 11.5 to 14.5 Hz and width from 0.5 to 2 seconds. Min-
imum peak-to-peak amplitude of a structure classified as sleep spindle was
determined separately for each recording, to take into account inter-subject
differences in EEG amplitude, depending e.g. on age, sex (Danker-Hopfe et al.,
2004; Larsen et al., 1995) and quality of sleep (Armitage et al., 2000). Due
to the one-to-one relation between the sleep spindles and fitted Gabor atoms
(c.f. Zygierewicz et al. (1999) and Figure 2), this procedure provides an au-
tomatic parameterization of all the sleep spindles, present in given recording,
in terms of their: time positions, lengths, frequencies and amplitudes in each
channel (that is topographies, as discussed in section 2.1).

[Fig. 2 about here.]

2.4  Ezperimental Data

We analyzed 20 overnight polysomnographic recordings, recorded at Medical
University of Warsaw, Chair of Psychiatry, as a control group of another study.
Polygraphic monitoring consisted of EEG activity collected from 21 electrodes,
according to the international 10-20 system, electrooculogram (EOG) from
two channels, and submentalis electromyogram. Filters were set between 0.15
and 30.0 Hz. The impedance at each electrode was below 5000 ohms. Sleep
stages and artifacts were identified visually (stages according to the standard-
ized manual for sleep scoring (Rechtschaffen and Kales, 1968)). Informed con-
sent was obtained from all subjects. The study was approved by the University
Ethics Committee.

3 Results

Sleep spindles were automatically detected in artifact-free epochs of stage 2.
Each of the 20 available multichannel overnight EEG recordings (Section 2.4)
was decomposed by the MMP algorithm described in section 2.1. Atoms cor-
responding to sleep spindles were selected from this decomposition according
to the parameters described in section 2.3, and intensity images were obtained
for each of these structures separately by means of the procedure described in
section 2.2. Figure 3 presents Loreta images obtained for single sleep spindles:
in each of the frequency bands, covering the spindles band in 0.5 Hz steps,
one sleep spindle was randomly chosen from one of the analyzed recordings.

10



[Fig. 3 about here.]

Based upon preliminary inspection of Loreta images as in Figure 3, as well as
their averages per subject, we divided the available recordings in two groups:

(1) In five of these subjects, Loreta images showed higher values for slower
spindles consistently concentrated in the anterior regions.

(2) In the remaining 15 subjects, topographical distinction between the fast
and slow spindles was not so clear.

The average number of spindles detected per one overnight recording in the
first group was 578 (std. dev. 120), in the second group—692 (std. dev. 316).
Figures 4 and 5 present averages of single Loreta images—Ilike the one pre-
sented in Figure 3—separately for the subjects from these two groups. These
images are constructed as vertical slices of the raw Loreta solution for the
given structure, without any statistical postprocessing of the results. We ob-
serve the general consistency of these average images with the images obtained
for single sleep spindles (Figure 3), as well as their concordance with previous
results, in particular those presented by (Anderer et al., 2001). In that study,
construction of average images (corresponding to Figures 4 and 5) from inverse
solutions applied to spectral integrals required additional steps:

e visual selection of sleep spindles,

e their assignment to different classes of topographic distribution (also visual),

e substracting from the obtained images corresponding distributions, com-
puted for the visually selected non-spindle EEG epochs.

In this paper, we automatically included all the spindles conforming to the
general criteria—several hundreds per subject, comparing to an order of mag-
nitude less of the structures, carefully selected by Anderer et al. (2001). As
a result, images presented in that study look slightly sharper than Figures 4
and 5.

[Fig. 4 about here.]

[Fig. 5 about here.]

4 Discussion

This paper implements a complete algorithm, starting from the raw EEG data
and classical definition of sleep spindles, giving as the output automatic de-
tection and description of structures conforming to these criteria. Each of the
detected spindles is localised in time, frequency and space. Advantages of this
paradigm include spatial localisation of single sleep spindles, straightforward

11



extension to other kinds of structures, high degree of compatibility with the
visual EEG analysis and a relative freedom from arbitrary parameters.

However, the idea of using topographic signatures of time-frequency atoms as
the input for inverse solutions is not entirely new. Matching pursuit with a
limited dictionary of wavelets was used for analysis of evoked potentials by
Geva (1998), and localization of the sources of these atoms was carried out by
a linear exhaustive search. Sources were constrained to a particular grid of the
brain and supposed to be single or symmetrical pair of current dipoles. In a
different study, another kind of inverse solution, called Source Spectra Imaging
(SSI), was used for finding the spectra of the current density distribution, after
obtaining topographic signatures from three-dimensional decomposition of the
spontaneous EEG time-varying spectrum (Miwakeichi et al., 2004; Martinez-
Montes et al., 2004). On the other side, multichannel extension of the MP was
previously discussed by Gribonval (2003). It was applied to the separation of
sources from stereo signals (Gribonval, 2002).

A different preprocessing for the inverse solutions can be based upon Indepen-
dent Component Analysis (Tang et al., 2002). Contrary to the atoms identified
within the proposed approach, independent components are not a priori re-
lated to any structures known from the clinical analysis of EEG. Also, ICA
is based upon several strong assumptions, e.g. linearity and stability of the
mixing process and some statistical independence of the sources.

In this study we combine adaptive time-frequency parameterization of EEG
structures and EEG source localization. Resulting solution is not restricted to
a sum of single current dipoles as in (Geva, 1998), and avoids strong assump-
tions on the independence of generators activity, made by the SSI solution
(Miwakeichi et al., 2004). Sub-optimal implementation of the multichannel
matching pursuit, based upon decomposition of the average residuum in each
iteration, allows for a significant gain in the speed of computations. It seems
that its suboptimality does not deteriorate the detection of relevant EEG
structures; however, possible advantages of the other discussed implementa-
tions remain to be tested in this context.

Results obtained hereby on 20 overnight EEG recordings are coherent with the
general knowledge about sleep spindles, and with particular results obtained
by Anderer et al. (2001) with critical involvement of the visual analysis. As a
new element, illustrating the increase of sensitivity compared to the previous
approaches, we obtain possibility of localizing single structures. These results
were obtained by a plain, raw an automatic combination of MMP and Loreta,
with an explicit implementation of the traditional definition of sleep spindles.
It was intended only as presentation of the possibilities and basic experimental
verification. A wide margin for improvements remains open for applications,
addressing directly some physiological or clinical issues: starting from the care-

12



ful selection of the EEG epochs and tuning the parameters defining relevant
structures (in this study sleep spindles), to the final statistical post-processing.

Some issues, like e.g. correction for the localization bias of the Loreta solution,
remain to be solved within the proposed framework. It will be also valuable
to test MMP as preprocessing to other inverse EEG solutions.

Reproducible research

An implementation of the MMP algorithm, described in Section 2.1 (with
complete source in C), is available from http://eeg.pl, section “Software”.
Matlab code for the Loreta inverse solution is available upon request from
Eduardo Martinez Montes (eduardo@cneuro.edu.cu).
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Appendix: Properties of the proposed implementation of multichan-
nel matching pursuit

Property 1 (Linearity) The sum of residua is equal to residuum of the sum,
which tmplies that R™ is a linear operator.

_ 1 Ne 1 Ne o
nf P— ni fZ —_— — an p— nf
R RM££ M;P R (8)

Proof: From the fact that operator R’ is an identity operator (i.e. R’f = f)
we have:

NE ) Ne .
ROy ' =) Rf (9)
1=1 =1
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The linearity of product operator (x, *) implies

1 % 1 % :
(& 2R g.) = (R"f", g5,) (10)
Ne =1 ! Ne =1 !

From the above, for the 0-th iteration the residuum operator R is a linear
operator.

1 X 1 X
- LR — (R g )gn,) = 7231? vt (11)
6 i=1 6 i=1 e i=1

By induction for n > 0-th iteration we have:

Ne
iz Rnfz Rnfz g'yn g% ZRnJrlfz Rn+1 Zfz (12>
e i=1 8 =1 3 i=1

Property 2 The sum of products across all channels is equal to product of
the sum

(R"f, g,) *Z (R, 8y,) (13)

311

Proof: 1t is a simple conclusion from linearity of the residuum operator R".

Property 3 (Energy conservation) The energy of the decomposed signal
18 conserved across all channels

_ 1 NE noi Ne i

|I£]1* = Z\ PIVA Y- ZRN““f I? (14)
e i=1 e i=1

IE1* = Z\ (R, gy )| + [|RYFI 2 (15)

Proof: The orthogonality of R™'f or R™"'f* with g, implies energy conser-
vation for the average signal f and its every channel f?.
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Figures

Fig. 1. Spectral power (vertical) versus frequency (horizontal) of three hypothetical
structures with frequency centers lying inside (dotted) and outside (dashed line)
the fi—fo interval. Due to the uncertainty principle, their spectral contents overlap.
Solid line presents their sum, i.e. total spectral power, as estimated e.g. by Fourier
transform. In b) we mark (shaded) the actual power carried by structure of fre-
quency originating between f1 and fs, as estimated e.g. by adaptive time-frequency
approximation. Plot c) highlights the power obtained from a spectral integral from
f1 to fa. We observe that neighboring structures from outside the interval of inter-
est may contribute significantly to the activity estimated within the interval, while
some of the power carried by the structure inside the interval of interest falls outside
and does not contribute to the spectral estimate.
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Slow Spindle Fast Spindle

Fig. 2. Upper left: 2 seconds of sleep EEG from 21 standard electrodes (uppermost
trace—average). Upper right: time courses of two Gabor atoms (Eq. (1)), conform-
ing to the criteria of sleep spindles (section 2.3), fitted to the EEG presented on
the left by the multichannel matching pursuit (section 2.1). The first atom (slow
spindle) is centered around 0.5 s and 11 HZ. Center of second atom (fast spindle)
is around 1 s and 14 Hz . Lower left: Topographic signature of the slow spindle,
pronounced in the frontal derivations, and the corresponding Loreta image. Lower
right: topographic signature of the fast spindle, pronounced in the parietal deriva-
tions, and the corresponding Loreta image.
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Fig. 3. Loreta images calculated for 6 single sleep spindles, chosen at random from
the frequency intervals from 11.5-12 Hz (top left) to 14-14.5 Hz (bottom right).
In each of these ranges one spindle was randomly chosen from the structures auto-
matically detected and parameterized via the MMP. Corresponding panels present
Loreta images computed for these single sleep spindles.
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Fig. 4. Average Loreta images calculated for sleep sindles for the 5 recordings of
subjects exhibiting clear prevalence of slow spindles in frontal regions. Separate
averages constructed for spindles occurring in the frequency intervals from 11.5-12
Hz (top left) to 14-14.5 Hz (bottom right). No statistics or bias correction was
employed in forming these images.
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Fig. 5. The same as in Figure 4, averaged for the 15 recordings of subjects exhibiting
“less clear” spatial distinction between fast and slow spindles.
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