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ABSTRACT from the signals themselves, which may lead to more accurate

time-frequency representations.
A, nqvel approach to measure th? interdependenge of ti.me S€- In earlier work [3], we developed a synchrony measure for
&iz ;]stggftesdr;et;?f;dTﬁz ﬂeetﬁ(l;gr;?r?;ts t(s%?:ﬁpelre]gsf)e;i:the ge.nericyf (one- and muI'EE-dimensi_CJnal) point proces”sese(ﬁeV
s _ ) strings”), referred to as “stochastic event synchrony"$3mve
empirical modes are extracted from the signals; those ifumst applied it to point processes on the time-frequency plabertip
carry non-linear and non-stationary components in frequen models”) [4]. Those bump models capture the most prominent
limited bands. Second, the empirical modes are Hilbertstran oscillatory events in the signals at hand (see Fig. 1). Inv@]

formed, resulting in very sharply localized ridges in thdt ,q0q complex Morlet wavelets to map the signals unto the-time
frequency plane; the obtained time-frequency represen@t roqiency plane. In this paper, the method of [3] is extended

are known as Huang-Hilbert spectra. At last, the latter arg, \y,ang Hilbert spectra [5]. One of the major advantages of
pairwise aligned by means of the stochastic-event synghrony,e nronosed approach s its simplicity: it avoids compgitin

method (SES), a recently proposed procedure to match fairs @, e|ets and extracting bump models, which are both compu-
multi-dimensional point processes. The level of simijaof tationally intensive operations.

two Huang-Hilbert spectra is quantified by three parameters
timing and frequency jitter of coincident ridges, and frawctof Time-frequency map Time-frequency map

non-coincident ridges. i TR || o
The proposed method is used to detect steady-state visually 'IEMHIM ;;%%‘J
evoked potentials (SSVEP) in electroencephalography JEEG = B o -
signals; numerical results indicate that the method islyast l l

more sensitive to SSVEP than classical synchrony measures, Bump model Bump model
and therefore, it may prove to be useful in applications such

as brain-computer interfaces. Although the paper mostijsde m ~ m

with EEG, the presented synchrony measure may also be ap-

plied to other kinds of time series. Fig. 1. SES applied to bump models [3].
Index Terms— Electroencephalography, Time-frequency _ _ o _
analysis, Synchronization, Spectral analysis, Hilbemsforms The proposed method is applicable to generic time series;

in this paper, however, we will focus on time series that occu
in the context of neuroscience, in particular, electrophedog-
1. INTRODUCTION raphy (EEG) signals [6], recorded from multiple electrottes
cated on the scalp of a (human) subject. We will consider so
Quantifying the interdependence between time series isnan i called steady-state visually evoked potentials (SSVEmRjchv
portant yet challenging problem. Although it is straightfard are stable responses that can be measured all over the BEalp [
to quantify linear dependencies, the extension to norafiner-  SSVEPSs affect EEG synchrony, and as a result, synchrony mea-
relations is far from trivial. A variety of approaches haveeh  sures can be applied to detect SSVEPSs. In this paper, we will
proposed, stemming from research fields as diverse as ghysiapply our novel synchrony measure to detect SSVEPs. We will
statistics, signal processing, and information theorg,(gg., present promising experimental results that seem to stitiges
[1] and [2]). our method is substantially more sensitive to EEG synchrony
In this paper, we propose a novel approach to quantify syrperturbations than classical synchrony measures.
chrony between signals; it measures the similarity of the so This paper is organized as follows. In the next section,
called Huang-Hilbert spectra, which represent the inatagttus  we review the empirical mode decomposition (EMD) method
amplitude and frequency of empirical modes extracted fimen t and explain how it can be used to obtain time-frequency maps
original signals. In more classical time-frequency transfa-  (“Huang-Hilbert spectra”). In Section 3, we outline the ade
tions such as (discrete and continuous) wavelet transfdiras behind stochastic event synchrony, and discuss how it can be
set of time-frequency basis functions (“wavelets”) is fixgd used to quantify the similarity of Huang-Hilbert spectran |
Huang-Hilbert spectra on the other hand, this set is exdtact Section 4, we use this similarity measure to detect stetatg-s



visually evoked potentials in EEG signals; we conclude this
paper with comments on further potential applications af ou
approach.

2. EMPIRICAL MODEL DECOMPOSITION (EMD)

Empirical Mode Decomposition (EMD) decomposes signals
into so called “intrinsic mode functions” (IMF) [5]. The tat

are functions that satisfy the following two conditions) thie
number of extrema and the number of zero crossings are either
equal or differ at most by one; (ii) at any point, the mean galu

of the envelope defined by the local maxima and the envelope
defined by the local minima is zero. An IMF represents an
oscillatory mode within a given signal: its cycles (defingd b
its zero crossings) correspondsaoe (and not more than one)
mode of oscillation; both the amplitude and frequency of thi
oscillation may vary over time, in other words, the osditlatis
not necessarily stationary nor narrow-band.

The process of extracting an IMF from a signdt) (“sift-
ing process” [5]) consists of the following steps: (i) detéare
the local maxima and minima af(t); (ii) generate the upper
and lower signal envelope by connecting those local maxima
and minima respectively by some interpolation method (e.g.
linear, spline, piece-wise spline [5] [8]); (iii) deterngirthe lo-
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Fig. 2. Empirical mode decomposition (EMD): the original sig-
nal (top), three IMFs (middle), and residue (bottom) [9].

where P indicates the Cauchy principal value of the intd@!
The instantaneous amplitud¢t) and phasé(¢) of the IMF is
defined as the magnitude and angle respectivel @j. The
instantaneous frequency is then simply defined as:

(4)

cal meanm(t), by averaging the upper and lower signal en-p,ang-_Hilbert spectra (HHS) represent the instantaneoptia

velope; (iv) subtract the local mean from the data:(t) =
x(t) — mq(¢). Ideally, hy(t) is an IMF. However, in practice,

tude against instantaneous frequency and time [5]. HHSésiag
are typically sparse and contain sharp ridges, as illestrat

hi(t) may still contain local asymmetric fluctuations, e.g., UN-Fig. 3. In the following section, we propose a method to quan-

dershoots and overshoots; therefore, one needs to repeat my

above four steps several times, resulting eventually irfitke
IMF. In order to obtain the second IMF, one applies the sift-
ing process to the residug(t) = x(¢t) — IMF(¢), obtained by
subtracting the first IMF from:(¢); the third IMF is in turn ex-
tracted from the residue,(¢) and so on. One stops extracting
IMFs when two consecutive sifting results are close to ident
cal; the empirical mode decomposition of the signél) may
be written as:

2(t) = Y IMFL(t) +en(t), (1)

k=1

wheren is the number of extracted IMFs, and the final residug)
can either be the mean trend or a constant. An (artificialirexa
ple (from [9]) is illustrated in Fig. 2.

The empirical-mode decomposition is obviously complete,
since (1) is an equality: the original signal can be recacséd
from the IMFs and the final residue. Note that the IMFs are not
guaranteed to be mutually orthogonal, but in practice, titsn
are close to orthogonal; it is also noteworthy that the IMfes a
adaptive, i.e., they depend on the signél), as we anticipated
earlier.

By means of the IMFs, one can construct a time-frequency
representation of the signal¢), i.e., the Huang-Hilbert spec-
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the similarity of two Huang-Hilbert spectra; the keyeia
will be to match ridges in one HHS to ridges in the other HHS.
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trum (HHS) [5]. The idea is to compute the instantaneous Bmplgjg 3, Huang-Hilbert spectra (bottom) of two EEG channels
tude and frequency of each IMF. This can be done by computlngop); the horizontal line at 20Hz in the HH spectra corresjs

the following analytic signal from each IMF:

Z(t) =IMF(t) + 1Y (¢), 2
with Y (¢) the Hilbert transform of the IMF:
1 [TCIME(®)

Y(t)_;P/ioo P dt’, (3)

to the SSVEP stimulation frequency.

3. STOCHASTIC EVENT SYNCHRONY (SES)

In earlier work [3], we developed a measure that quantifies
the similarity (“interdependence” or “synchrony”) of twor(e-
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— ) » — of ridges in the two HHS, and/(z; m, s) stands for a univariate
N N g
T sp ¢ it T 250, 4 { Gaussian distribution with mean and variance [3]. For con-
o i B 1] il md q 88 — ﬁ md g % . . .
Dol o T B ool o g b venience, we choose improper prigng;) = p(dy) = p(s¢) =
S NNy Po . S ol | g ﬂx j p(sy) = 1. The SES parametefs = (6,9, s¢, s5) and the
=> " / = f latent variableg”, B and B’ are determined jointly by MAP es-
¢ 0
Sowop 0 ; ! 2 o timation. This may practically be carried out by cyclic max-
0 h y P y y Cy
S S L s 5w —w—mo  iMization [3]: for fixedd, one maximizedogp (cf. (5)) w.r.t.
samples samples C, B and B’ and vice versa. Conditional maximization w.ft.

Fig. 4. (left) Events (“ridges”) extracted from HHS1 (red) and 'S stralghtf?rward, hpv_veygrl, the conditional maximizatior.t.
HHS2 (blue) of Fig. 3: (right) coincident ridges. C, B andB’ is non-trivial: it involves an intractable discrete op-

timization problem. We solve that problem approximatelyt(b

or multi-dimensional) point processes, referred tostichas- — successfully) by iterative max-product message passitey4*
tic event synchronySES); we applied that measure to pointtive dynamic programming”) on a graphical model correspond
processes on the time-frequency plane, more preciselypbunind to the latent-variable probabilistic model (5) (see. Bp3].
models [4] (cf. Fig. 1). Here we will use SES to quantify the The edges correspond to variables, the nodes corresponds to
similarity of two Huang-Hilbert spectra. The first step is tofactors in (5). The nodes/ corresponds to the Gaussian dis-
extract a point process (“event string”) from an HHS (see &ig tributions in (5), the nodes denoted byrepresent the factors
(left)): from the given HHS, we only retain th€ largestinstan-  (6[bx + >} _; cerr — 1]) (blue) and(d[by, + >7_; e — 1])
taneous amplitudes N is typically about 100.) Each of th&  (red), and the nodes denoted pycorrespond to the factors
remaining points (“ridges”y; = (¢;,a;, fj) withj =1,...,N  (B0[br, —1]+6[bx]) and(34[b), —1]4-0[b]). The arrows in Fig. 5
is viewed as an event, and the sequence (rq,...,ry) isa depict “messages” (i.e., probabilistic information abwdtich
three-dimensional point process; in other words, the reimgi  pairs of ridges are coincident and which not) that are inezbt
pointsr; in Fig. 4 (left) take the role of the “bumps” in Fig. 1. computed at each node according to the max-product compu-
Fig. 4 (left) suggests a natural way to define the similarity otation rules. Intuitively, the nodes may be viewed as cornmgut
two HHS: ridges in one time-frequency map (red) may not beelements that iteratively update their opinion about whidges
present in the other map (blue) (“non-coincident” ridgesiier  match and which do not, based on the opinions (“messages”)
ridges are present in both maps (“coincident ridges”), ppear they receive from neighboring nodes. When the algorithnrmeve
at slightly different positions on the maps. tually has converged (and the nodes have found a consensus so
Fig. 4 (right) depicts the coincident ridges, obtainedrafteto speak), the messages are combined to obtain a decision on
matching the event strings(red) andr’ (blue); the black lines C, B and B’, and an estimate gf and the other SES parame-
connect the centers of coincident ridges, and hence, thsey vi ters [3].
alize the offset in position between pairs of coincidenges.
Stochastic event synchrony consists of the following paam
ters: (i) p: fraction of non-coincident ridges; (i) andds: av-
erage time and frequency offset respectively between m#nt
ridges; (iii) s, ands: variance of the time and frequency offset
respectively between coincident ridges. The alignmentef t
two ridge traces (cf. Fig. 4 (right)) is cast as a statistinédr-
ence problem [3]. The associated probabilistic model dépen
on the SES parametefts= (J;,dy, s¢, sy ) besides the following
two kinds of latent variables: (i) binary variablé%, associ-
ated to each pair of ridges, whetg,, = 1 indicates that event
Sy, of the first HHS is coincident with everff;, in the other
HHS, and whereCy,; = 0 otherwise; (i) binary variable®;,
andBy,, which indicate whether a ridge is hon-coincident. The
latent-variable model is of the form:

p(r, 7', 0,0, c,0) o Fig. 5. Graphical model of (5).

’
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(83[bx — 1] + d[bx]) TT (8610, — 1] + 6[b4.])

=

k=1 k=1 4. RESULTS

1111 (J\/(t;, — b6, s N (fh — fk;af,sf))c“/ We applied the proposed ridge-matching method to EEG sig-
k=1 k=1 nals; the latter were recorded from a human subject that was
n n’ n' n watching flashing patterns with frequency 2ifHz, presented

. H (S[bx + Z cre — 1) H (8[b} + Z ke — 1)) during2s with silent intervals 08s. The flashing patterns evoke
k=1 k=1 K =1 k=1 oscillatory brain activity at the same frequency (“steatite vi-

-p(6)p(s:)p(35)p(57), (5) sually evoked potentials”) [7]. The EEG signals were reedrd

from four locations (two frontal and two temporal areas). [6]
where 5 is a constant (which serves as a knob to control th&Ve used EMD to extract IMF components from those EEG sig-
number of non-coincident ridges),andn’ is the total number nals (cf. Section 2). Next, the IMF components are Hilbert



transformed (resulting in Huang-Hilbert spectra), andltve

frequency drifts £5Hz) and high-frequency interference parts °‘07} x § %%}

(>30Hz) of the IMF components are removed. Figure 3 shows el ¥ o § ¥ 0

a segment of two EEG signals (recorded by two frontal chan- o ” o £ 0 o

nels) together with their Huang-Hilbert spectra. At last de- S ‘ 5 pAgcelts
termine the similarity of the latter by means of stochastiens 05 0 %®B° 6
synchrony (cf. Section 3): each pair of HHS is matched, aad th 045 o © ©0

timing and frequency jittes; and sy of the coincident ridges, 04 o

and the fraction of non-coincident ridgesire computed. Those B Ty s
parameters are then averaged over all pairs of Huang-Hilber COH

spectra, resulting in three global measures of interdegrerel Fig. 6. p vs. COH for SSVEP (blue circles) and non-SSVEP
As a benchmark, we also quantify the synchrony of the EEG Sig(red stars)

nals by means of classical measures: magnitude squared cohe
ence (COH), partial directed coherence (PDC), directetstra
fer function (DTF), direct DTF, and full frequency DTF [11]; BCI systems have the highest overall performance; moreover
those classical measures are computed after bandpassdiltersuch systems can be used by most subjects without much prior
the EEG signals in a narrow band (18—-22Hz) centered at tH&aining. However, state-of-the-art SSVEP-based BClesyst
SSVEP stimulation frequency (20Hz). require long stimulation time to achieve satisfactory sifisa-

We investigated whether those measures can detect fluctu#n (usually around 3.5s), and therefore, they yield eddy
tions in EEG synchrony (“interdependence”) in the above exlow data rates. This is largely due to the fact that those sys-
periment. In particular, we tried to distinguish EEG signal tems typically only use the power spectrum as input features
recorded during stimulation from EEG recorded in sileneint in particular, the power spectrum at the SSVEP stimulatien f
vals; for each of those two conditions, we consider 32 EEG sedluencies. As our study shows (see also [14]), EEG synchrony
ments of the same length (1.5s). Table 1 summarized the r8as strong potential for SSVEP detection: despite the eyt s
sults: it lists classification errors obtained by the leame-out ~ Stimulation period (only 1.5s), we obtained low classifizat
procedure; for the sake of simplicity, we used a linear diess €rrors (7.8% at best). As a consequence, synchrony measures
(hyperp|ane)_ We used the Synchrony measures as 5ing|e fdﬂarticularly SES in ConjUnCtion with EMD) may in the future

tures and as pairs of features. Due to space constraintg, Tab Prove to be very useful in the context of BCI.

only contains the results for the pairs that resulted in thalls

est classification errors: of the pairs without SES pararagte

the combination of dDTF and COH gave the best result (21.8% [y
incorrectly classified), whereas the best overall resuk wla-
tained by the combination of COH and(7.8%). This result
could not be further improved by increasing the number of fea
tures; this is probably due to the relatively small size efdata

set. On the other hand, from Fig. 6, it becomes clear that by
using non-linear classification techniques such as supgaort

tor machines, one may be able to reduce the classification err
even more.

[2

3]

4

5]

| Features | Correct|| Features | Correct|
St 36.0% || sy 29.7%
p 14% COH 25% (6]
PDC 42.3% || DTF 39.1%
dDTF 37.5% || ffiDTF 39.7% (7]
dDTF and COH| 21.8% || pand COH| 7.8% (8]

Table 1. Percentage of incorrectly classified EEG signals.

5. CONCLUSIONS Ol
We observed an increase in EEG synchrony during SSVEP stim#10]
ulation, with the most significant effects measured by magni
tude squared coherence (COH) and the SES parametere-
vious studies reported similar effects, and emphasizetdtiilea
level of EEG synchrony is correlated with the subject’s ratte
tion [12] [13]. 13
The present study is highly relevant for brain-computer in-
terfaces (BCI). A brain-computer interface is a direct cammm
nication pathway between a human or animal brain and an ex['¥
ternal device. Many studies have confirmed that SSVEP-based

11]

(12]
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