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Abstract

One of the important issues in designing an EEG-
based brain-computer interface is an exact delin-
eation of the rhythms, related to the intended
or performed action. Traditionally, related bands
were found by trial and error procedures seeking
for maximum reactivity. Even then, large values of
ERD/ERS did not imply the statistical significance
of the results.

This paper presents complete methodology, al-
lowing for a high resolution presentation of
the whole time-frequency picture of event-related
changes in the energy density of signals, revealing
the microstructure of rhythms, and determination
of the time-frequency regions of energy changes,
which are related to the intentions in a statistically
significant way.

Keywords: time-frequency, adaptive approxima-
tions, matching pursuit, ERD, ERS, BCI, FDR,
multiple comparisons.

1 Introduction

Thinking of a “Brain-Computer Interface” (BCI),
one can imagine a device which would directly pro-
cess all the brains output—Ilike in a perfect vir-
tual reality machine [8]. Todays attempts are much
more humble: we are basically at the level of con-
trolling simple left/right motions. On the other
hand, these approaches are more ambitious than
direct connections to the peripheral nerves: we are
trying to guess the intention of an action directly
from the activity of the brains cortex, recorded

from the scalp (EEG).

Contemporary EEG-based BCI systems are
based upon various phenomena: visual or P300
evoked potentials, slow cortical potentials, sensori-
motor cortex rhythms [7]. The most attractive path
leads towards the detection of the “natural” EEG
features, that is such that for example a normal in-
tention of moving the right hand (or rather it’s re-
flection in EEG) would move the cursor to the right.
Determination of such features in EEG is more dif-
ficult than using evoked or especially trained re-
sponses. Desynchronization of the p rhythm is an
example of a feature correlated not only with the
actual movement, but also with it’s mere imagina-
tion.

All these approaches encounter obstacles, com-
mon in the neurosciences: great inter-subject vari-
ability and poor understanding of the underlying
processes. Significant improvement can be brought
by coherent basic research on the EEG representa-
tion of conscious actions. This paper presents two
methodological aspects of such research:

e High resolution parameterization and feature
extraction from the EEG time series. Scalp
electrodes gather signal from many neural pop-
ulations, so the rhythms of interest are buried
in a strong background. Owing to the high
temporal resolution of EEG and the oscillatory
character of most of its features, we can look
for the relevant activities in the time-frequency
plane.



e Determination of significant correlates of con-
scious activities requires a dedicated statistical
framework. Until recently, reporting signifi-
cance of changes in the time-frequency plane
presented a serious problem.

2 Time-frequency energy den-
sity of signals

Among the parameters, used in nowadays BCI sys-
tems (like those designed in the Graz University of
Technology [11]), event-related desynchronization
and synchronization (ERD/ERS) phenomena play
an important role. ERD and ERS are defined as
the percentage of change of the average (across rep-
etitions) power of a given rhythm—usually u/c,
3 and v [10]. Estimation of the time course of
the rhythm’s energy is crucial for the sensitivity
of these parameters. But due to the inter-subject
variability, we cannot expect the rhythms to appear
at the same frequencies for all subjects.

Therefore, a classical procedure was developed to
find the reactive rhythms [10]. For each subject, the
frequency range of interest was divided into 1 Hz
intervals, in each of them the single trials (repe-
titions) were band-pass filtered, squared and aver-
aged, to obtain the estimate of the average band’s
energy. Among these fixed bands, those revealing
the largest changes related to the event were cho-
sen. This naturally limits the frequency resolution
to 1 Hz—mnot taking into account the accuracy of
band-pass filtering of finite sequences.

The whole problem is naturally embedded in the
time-frequency space. Time-frequency density of
signal’s energy, averaged across trials, provides all
the information about the rhythms and the time
course of their energy in one clear picture (Fig-
ure 3).

2.1 Time-frequency distributions of
energy density

Because of the uncertainty principle, there are
many alternative estimates of the time-frequency
density of signals energy. Actually, the same prob-
lem (non-unique estimates) is present also in cal-
culating the spectral power or band-pass filter-
ing finite sequences, but in the quadratic time-
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Figure 1: Top: Wigner distribution (Eq. (12);
vertical-frequency, horizontal-time) of the signal
simulated as two short sines (bottom). We observe
the auto-terms a? and b? corresponding to the time
and frequency spans of the sines, and cross-term
2ab at time coordinates where no activity occurs in
the signal.

frequency distributions we may say that the rel-
evancy of the problem is “squared”. Fluctuations
of power spectra, appearing at high resolutions, in
the time-frequency distributions take the form of
cross-terms. These false peaks occur in between
the auto-terms (which correspond to the actual sig-
nals structures), and significantly blur the energy
estimates (Figure 1). Their presence stems from
the equation (a + b)? = a? + b + 2ab. Quadratic
representation of an unknown signal s, composed
of two structures a and b, contains auto-terms cor-
responding to these structures (a? and b?), as well
as the cross-term 2ab. For a signal more complex
than a sum of two clear and separate structures
(like the simplistic simulation in Figure 1), cross-
terms are indistinguishable from the auto-terms.
Advanced mathematical methods are being devel-
oped for the reduction of this drawback [13]. While
some of them give impressive results for particular
signals, in general we are confronted with the trade-
off: higher resolution vs. more reliable (suppressed
cross-terms) estimate.



2.2 Adaptive Approximations

If we knew ezactly the structures (a and b) of which
the signal is composed, we might explicitly omit
the cross-term 2ab, thus obtaining a clear time-
frequency picture. In practice, this would require a
reasonably sparse approximation of the signal in a

form
M
n=1

where g; are known functions fitting well the ac-
tual signals structures. This may be achieved only
by choosing the functions g; for each analyzed sig-
nal separately.! Criterion of their choice is usually
aimed at explaining the maximum part of signal’s
energy in given number of iterations (M). How-
ever, the problem of choosing the optimal set of
functions g; is intractable.? A sub-optimal solution
can be found by means of the Matching Pursuit
(MP) algorithm [9]. But even this sub-optimal so-
lution is still quite computer-intensive,? so the first
practical applications were not possible before mid-
nineties [2]. The MP algorithm and construction
of an estimate of the signals time-frequency energy
density, which is free of cross-terms, are described
in Appendix A. Functions g; are chosen from large
and redundant collections of Gabor functions (sine
modulated Gauss).

(1)

3 Microstructure of the EEG
rhythms

3.1 Experimental data

To present advantages of the presented method-
ology, the classical ERD/ERS experimental setup
was modified to obtain relatively long epochs of
EEG between the events.

1Contrary to most of the approaches, where all the signals
are represented via products with the same set of functions
(e.g. basis).

2Finding the subset of M functions, which explains the
largest ratio of signal’s energy among all the other M-subsets
of the highly redundant set, requires checking all the pos-
sible M-subsets, which leads to the combinatorial explosion
even for moderate sets of candidate functions. Problems of
such computational complexity are termed NP-hard [6].

3Recent results indicate possibilities of a significant de-
crease of computation times of bias-free MP decompositions

Thirty one year old right-handed subject was
half lying in a dim room with open eyes. Move-
ment of the thumb, detected by a micro-switch,
were performed approximately 5 seconds (at a sub-
ject’s choice) after a quiet sound generated approx-
imately every 20 seconds. Experiment was divided
into 15-minutes sessions, and recorded EEG into
20-sec long. After artifacts rejection, 124 epochs
were left for the analysis. EEG was registered from
electrodes at positions selected from the 10-20 sys-
tem. Figures 3-5 present results for the C4 elec-
trode (contra-lateral to the hand performing move-
ments) in the local average reference. Signal was
down-sampled offline from 250 Hz to 125 Hz.

Figure 2 presents data from another subject, col-
lected in a standard ERD/ERS experiment.

3.2 High-resolution picture of en-
ergy density

Time-frequency estimates of the signal’s energy
density, including the MP estimate given by equa-
tion (12), contain no phase information, so they
can be summed across the trials to give the av-
erage time-frequency density of energy.* Figure
3 presents such an average for 124 repetitions of
EEG synchronized to the finger movement, occur-
ring in the 12th second. We easily observe that the
« rhythm concentrates around 12 Hz. We may also
notice it’s decrease (desynchronization) around the
time when finger movement occurred, as well as
some increased activity in 15-30 Hz near 12-13 sec-
onds (( synchronization).

In another experiment (Figure 2), high resolution
estimate reveled clearly two very close but separate
components of the p rhythm with different time
courses—an effect elusive to the previously applied
methods.

3.3 High resolution ERD and ERS

Speaking of the decrease in the o rhythm in the
previous section, we compared the activity near
12th second (Figure 3) to the average level of the a
rhythm energy, or, more correctly, to a period be-
fore the movement, which should not be related to

4Note that the average of the energy densities is in general
different from the energy density of the averaged signal. The
latter (averaged signal) reveals phase-locked phenomena like
e.g. the classical evoked potential.



movement

Figure 2: Average time-frequency energy density
(eq. (2)) of 57 trials from the C1 electrode (average
reference), constructed for g,, longer than 250 ms.
Presented from 5 to 15 Hz, finger movement in 5th
second. We observe two very close, but separate u
rhythms with different time courses. Faster rhythm
desynchronizes about 1.5 seconds before the move-
ment, while the slower lasts until its very onset and
desynchronizes in 5th second.

the event. To quantify this procedure, we must
define the reference period, to which the energy
changes will be related. It should be distant enough
from the onset of the event, to avoid incorporat-
ing pre-movement correlates into the reference. To
avoid border problems of estimates, it should be
also removed from the very start of the analyzed
epoch. In Figure 3 it was chosen between the 1st
and 3rd second.

Classically, for each selected band, ERD/ERS
were calculated as % power relative to the reference
epoch (ERD corresponding to a decrease and ERS
to an increase). Owing to the high-resolution esti-
mate of the whole picture of energy density, we may
calculate it for the whole relevant time-frequency
region with maximum resolution. ERD/ERS map
in Figure 4 was obtained as a ratio of each points
energy to the average energy of the reference epoch
in the same frequency. In this plot we observe, like
in Figure 3, darker area (increase) corresponding
to the 0 post-movement synchronization, and white

spot around the time of the movement, correspond-
ing to the a desynchronization. However, in the
long pre-movement period there is still a lot of fluc-
tuations, which naturally implies a question about
the statistical significance of the observed changes.

4 Statistical significance

The following steps constitute a fully automatic®
and statistically correct procedure, which delin-
eates and presents with high resolution the time-
frequency regions of significant changes in the av-
erage energy density.

1. Divide the time-frequency plane into resels
(from resolution elements), for which the
statistics are calculated (section 4.1).

2. Calculate pseudo-t statistics and p-values for
the null hypothesis of no change in the given
resel compared to the reference epoch in the
same frequency (section 4)

3. Select a threshold for the null hypothesis cor-
rected by multiple comparisons (sec. 4.3).

4. Display the energy changes calculated for max-
imum resolution (section 3.2) in windows cor-
responding to resels which indicated statisti-
cally significant changes.

These steps will be described in the following sec-
tions.

4.1 Integration of MP maps in resels

In choosing the dimensions of a resel, suitable for
the statistical analyses, we turn to the theory of
the periodogram sampling [12]. For a statistically
optimal sampling of the periodogram the product
of the frequency interval and signal length gives %
This value was taken as the product of the resel’s
widths in time and frequency, their ratio being a
free parameter.

Calculating the amount of energy in such real-
tively large resels simply as the value of the distri-
bution (12) in it’s center, that is

Epoint (i, wi) = Z | <R"“f, gy, > |2 Wy, (ti,wi),
(2)

5And therefore objective



may not be representative for the amount of energy

contained in given resel. In such case® we use the
exact solution:
Eine(ti,wi) = (3)
ti+ 5t wi+ 42
Z| (R™f, gy, / Wy, (t,w)dtdw
tlf% wi— AT

4.2 Resampling the pseudo-t statis-
tics

The values of energy of all the N repetitions (trials)
in each questioned resel will be compared to the en-
ergies of resels within the corresponding frequency
of the reference epoch. Lets denote the time in-
dices t; of resels belonging to the reference epoch as
{ti,i € ref} and their number contained in each fre-
quency slice as Nyer. For each resel at coordinates
{ti,w;} we’ll compare its energy averaged over N
repetitions with the energy averaged over repeti-
tions in resels from the reference epoch in the same
frequency. Their difference can be written as:

N
AE(ti,wi) = % Z mt(tiawi) +

HMZ

E mt(tJ?wl) =
jere

= E(ti,wi) —

(4)

where the superscript “*” denotes the k-th repeti-
tion (out of N).

However, we want to account also for the dif-
ferent variances of E¥, revealing the variability of
the N repetitions. Therefore we replace the simple
difference of means (4) by the pseudo-t statistics:

( refvwi)

_ AE(ti,w;)
-

(5)

where AF is defined as in Eq. (4), and sa is the
pooled variance of the reference epoch and the in-
vestigated resel. In spite of the Central Limit Theo-
rem, this magnitude tends to have non-normal dis-
tribution [4]. Therefore, we use resampling meth-
ods.

6The difference between (2) and (3) is most significant
for structures narrow in time or frequency relative to the
dimensions of resels.

We estimate the distribution of ¢ from eq. (5)—
under the null hypothesis of no significant change—
from the data in the reference epoch (for each fre-
quency N - Nyt values) by drawing with replace-
ment two samples of sizes N and N - N,t and cal-
culating, for each such replication, statistics (5).
This distribution is approximated once for each fre-
quency. Then for each resel the actual value of (5)
is compared to this distribution yielding p for the
null hypothesis.

The number of permutations giving values of (5)
exceeding the observed value has a binomial distri-
bution for Ny, repetitions with probability a.” Its
variance equals Nyepa(1 — ). The relative error of
a will be then (c.f. [5])

B )

« Nyep

To keep this relative error at 10% for a signif-
icance level a=5%, Nyep = 2000 is enough. Un-
fortunately, due to the problem of multiple com-
parisons discussed in Section 4.3, we need to work
with much smaller values of a. In this study Nyep
was set to 2-10%, which resulted in relatively large
computation times.

4.3 Adjustment for multiplicity

In the preceding section, we estimated the achieved
significance levels p for a null hypotheses of no
change of the average energy in each resel, com-
pared to the reference region in the same frequency.
Adjusting results for multiplicity is a very impor-
tant issue in case of such a large amount of poten-
tially correlated tests. As proposed in [4], it can be
effectively achieved using the False Discovery Rate
(FDR, [1]). It controls the ratio ¢ of the number
of the true null hypotheses rejected to all the re-
jected hypotheses. In our case this is the ratio of
the number of resels, to which significant changes
may be wrongly attributed, to the total number of
resels revealing changes.

Let’s denote the total number of performed tests,
equal to the number of questioned resels, as m. If
for mg of them the null hypothesis of no change is

"For brevity we omit the distinction between the exact
value a@ which would be estimated from all the possible rep-
etitions, and the actually calculated



true, [1] proves that the following procedure con-
trols the FDR at the level ¢7¢ < ¢:

1. Order the achieved significance levels p;, ap-
proximated in the previous section for all
the resels separately, in an ascending series:
p1<p2<---<pp

2. Find
(7)

k =max{i:p; < !

< ——w 14
mZ?":l %

3. Reject all hypotheses for which p < py

4.4 Display of the statistically signif-
icant ERD/ERS

Figure 5 gives the final picture of statistically sig-
nificant changes in the time-frequency plane. It
is constructed by displaying the high-resolution
ERD/ERS map (Figure 4) only in the areas, corre-
sponding to the resels which revealed statistical sig-
nificance in the procedure from Section 4. Desyn-
chronization of 12-Hz a occurs around the time of
the movement (12th second). Synchronization of
18-30 Hz 3, occurring just after the movement, is
divided in half by the harmonic of a (24 Hz). In the
long pre-movement epoch no significant changes are
detected, which suggests the robustness and relia-
bility of the whole procedure.

5 Conclusions

Presented procedure gives high-resolution and free
of cross-terms estimates of the average time-
frequency energy density of event-related EEG,
revealing the microstructure of rhythms. Time-
frequency area of significant changes are assessed
via objective statistical procedures. This allows e.g.
to investigate the minimum number of repetitions
required to delineate the reactive rhythms. Appli-
cation of this methodology may bring a significant
improvement in basic research on the event-related
changes of EEG rhythms, as well as “per subject”
customization of the ERD/ERS based BCI.

Reproducible Research

Software for calculating the MP decomposition
(Appendix A), with complete source code in C and

executables for GNU /Linux and MS Windows, plus
an interactive display and averaging of the time-
frequency maps of energy (in Java), are available at
http://brain.fuw.edu.pl/ durka/software/mp.
Datasets used in Figures 2-5 and Matlab code for
calculating maps and statistics like Figures 3-5:
http://brain.fuw.edu.pl/ durka/tfstat/
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Appendix A: matching pursuit
algorithm

In each of the steps a waveform g, from the redun-
dant dictionary D is matched to the signal R"f,
which is the residual left after subtracting results
of previous iterations:

Rf=f
R'f = <Rnf7 gvn>gwn + Rn—Hf
gy, = argmaxy ep (R"f, 9v,)

(8)

where argmax, c¢p means the g, giving the
largest value of the product |[(R"f, g+,)|-

Dictionaries (D) for time-frequency analysis of
real signals are constructed from real Gabor func-
tions:

)" sin (27r%(t —u)+0) (9)

N is the size of the signal, K(v) is such that
llg4]] = 1, v = {u,w,s, ¢} denotes parameters of
the dictionary’s functions. For these parameters
no particular sampling is a priori defined. In prac-
tical implementations we use subsets of the infinite
space of possible dictionary’s functions. However,
any fixed scheme of subsampling this space intro-
duces a statistical bias in the resulting parameteri-
zation. A bias-free solution using stochastic dictio-
naries, where parameters of the dictionary’s func-
tions are randomized before each decomposition,
was proposed in [3].



For a complete dictionary the procedure con-
verges to f, but in practice we use finite sums:

M
FRY (R, 9v.)9, (10)
n=0

From this decomposition we can derive an esti-
mate Ef(t,w) of the time-frequency energy density
of signal f, by choosing only auto-terms from the
Wigner distribution

Wf(t,w):/f(tJrg) f(t—g) e~ Tdr, (11)

calculated for the expansion (10). This represen-
tation will be a priori free of cross-terms.

M
Ef(t.w) =Y [R"f, g3 P Wes, (tw)  (12)
n=0
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Figure 3: Average time-frequency energy density of 124 trials (section 3.1, energy cut above 2%, sqrt
scale); darker area mark higher values of the energy density. Horizontal scale in seconds, vertical in Hz.
Finger movement in 12th second.

av. ERD/ERS of 124 trials

Figure 4: ERD/ERS map corresponding to the time between 3 and 19 seconds (vertical lines in Figure
3). Shades of gray proportional to the % of change relative to the reference epoch (between 1 and 3
seconds in Figure 3).

PSEUDO_T#2e+06; FDR:p<8e-05

Figure 5: ERD/ERS from Figure 4 displayed in regions revealing statistically significant changes in
resampling pseudo-t tests (section 4.2), corrected by 5% False Detection Rate (section 4.3).



