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Abstract

Objective: To determine the most discriminative features for a brain–computer interface (BCI) system based on statistically significant
differences between two energy density maps calculated from EEG signals during two different motor tasks.
Methods: EEG was recorded in ten healthy volunteers while performing different cue based, 3 s sustained, real and imaginary right hand
movements. Energy density maps were calculated over fixed 240 ms and 2 Hz time–frequency windows (called resels) for each movement
and statistically significant resels were determined. After that, normalised energy values of the statistically significant resels were com-
pared between two real as well as between two imaginary movements using a parametric test.
Results: The largest differences between energy density maps between two motor tasks were noticed on electrode location Cp3 in the
higher alpha and the beta bands (i.e., 12–30 Hz), for both real and imaginary movements. The method reduced a total number of dis-
criminative features between two motor tasks to fewer than 2% for the imaginary and fewer than 3% for the real movements on the elec-
trode location Cp3.
Conclusions: The method can be used for visualisation and feature extraction for BCI and other applications where event related desyn-
chronisation/synchronisation (ERD/ERS) maps should be compared.
Significance: If a reliable on-line classification of imaginary movements of the same limb would be achieved it could be combined with
classification of movements of different parts of the body. That would increase a number of separable classes of a BCI system, thereby
providing a larger number of command signals to control the external devises such as computers and robotic devices.
� 2007 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd. All rights reserved.
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1. Introduction

Brain–computer interface (BCI) provides a novel com-
munication channel between a person and its environment
by recording brain signals and translating it into command
signals to the external devices (Wolpaw et al., 2002). There-
fore BCI is primarily designed to help patients with com-
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plete or severe damage of sensory-motor pathways to
control objects in their surroundings like computers, wheel-
chairs and other assistive devices (Wolpaw et al., 2002).
BCI systems rely on different internally or externally paced
events (asynchronous or synchronous) and are often based
on mental tasks like counting, mental rotation of object or
imagination of motor tasks (Curran et al., 2004). A BCI
discriminates between these different mental tasks and con-
verts them into different commands. Performing the mental
tasks results in changes in event related potential (ERP)
and in oscillatory brain activity, that can be characterised
gy. Published by Elsevier Ireland Ltd. All rights reserved.

mailto:a.vuckovic@eng.gla.ac.uk


WARNING 

-2 -1 0 1 2

ARROW POINTING   
DIRECTION

4-7 s

Time (s) -1

WARNING

-23

Fig. 1. Imagination protocol. A warning sign was presented 1 s before an
arrow that indicated the type of movement, and stayed for 0.25 s on the
screen. The arrow appeared at t = 0 s and stayed until t = 3 s. A subject
was asked to perform a sustained movement while the arrow was on the
screen. Meaning of the arrow directions: right = extension, left = flexion,
up= supination, and down= pronation.
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by event related desynchronisation and synchronisation
(ERD/ERS) (Pfurtscheller and Lopes da Silva, 1999).
One of the most frequently used tasks for the BCI systems
is a motor task, i.e. imagination of movements of different
parts of the body (Kauhanen et al., 2006; Vidaurre et al.,
2006; Townsend et al., 2006). In addition, as a part of
BCI studies, real movements of healthy persons are some-
times analysed and compared with the imaginary move-
ments (Blankertz et al., 2006). During sensory-motor
processing of the real or imaginary motor tasks ERD/
ERS shows characteristic spatio-temporal patterns
(Pfurtscheller, 1999; Neuper et al., 2006) that are similar
for real and imagined movements (Leocani et al., 1999;
Pfurtscheller and Neuper, 2001). In addition, these patterns
show consistent variation between different frequency
bands (Crone et al., 1998a; Crone et al., 1998b; Neuper
et al., 2006). A classical approach for quantification and
visualisation of ERD/ERS is to calculate and display
ERD/ERS time courses, representing band power changes
in specific frequency bands (Pfurtscheller and Aranibar,
1977; Pfurtscheller, 1999). Alternatively, a joint time–fre-
quency approach can be used to provide a comprehensive
overview of relative band power changes over broad fre-
quency ranges (Makeig, 1993; Tallon-Baudry and Ber-
trand, 1999; Durka et al., 2001). Smaller time and
frequency windows give a better resolution and help to pre-
cisely determine the most reactive regions but they also
increase the possibility of detecting noise instead of rele-
vant brain activity (Durka, 2006). Therefore, several meth-
ods have been proposed to find significant ERD/ERS
regions, based on bootstrapping (Graimann et al., 2002,
2006) or normalisation and subsequent application of para-
metric tests (Zygierewicz et al., 2005; Durka, 2006).

However, a task of a BCI system is not only to detect
the onset of significant changes in the oscillatory brain
activity but also to separate between different motor
tasks. In case of discrimination between movements of
different limbs, differences in spatial and temporal distri-
bution between significant ERD/ERS of two different
movements can be quite obvious and can easily be visual-
ised. In case of different movements of the same limb,
there is very little variation in spatial distribution between
ERD/ERS of different tasks, especially if the brain activ-
ity is recorded with surface recording methods, such as
EEG or MEC.

Although from direct brain recordings it is known that
real (Georgopolos et al., 1982; Kakei et al., 1999) or even
imaginary movements in different directions (Lebedev
et al., 2005) activate different populations of neurons,
which can be at different distances from the recording elec-
trode, it is questionable if these differences can be detected
using a scalp EEG. Still, for each type of movement it is
possible to calculate its own map of significant ERD/
ERS changes in the time–frequency domain. Therefore an
important issue for a BCI would be to visualise and quan-
tify regions of the largest differences between significant
ERD/ERS changes in two or more tasks.
In this paper, a method to compare statistically signifi-
cant differences between two motor tasks, performed by
the same hand, based on energy–density maps in fine
time–frequency bands (240 ms and 2 Hz) is proposed.
The method allows visualisation and quantification of dif-
ferences between two energy density maps. Quantification
of differences between two motor tasks would be useful
to find the best features to automatically discriminate
between these two tasks, in BCI applications based on
motor or some other event related task. The efficacy of
the method was demonstrated on both real and imaginary
movements. The proposed method can be used for applica-
tions other than BCI, to compare between two ERD/ERS
maps in general.

2. Methods

2.1. The experimental procedure

Ten neurologically healthy volunteers (8 men and 2
women, mean age 27.3 ± 7.8) participated in the study.
All subjects signed a consent form based on the University
of Essex’s Ethical Committee recommendations. Subjects
were comfortably seated in an armchair, their nose tips
approximately 1 m from the computer screen, with the
forearms on the armrest. They were asked to perform four
types of real and kinaesthetic imaginary (i.e., the subject
feels his/her limb executing a given action without visualis-
ing the movement) right wrist movements that would cor-
respond to rotation of the wrist around two axes:
extension (E)/flexion (F), and pronation (palm down P)/
supination (palm up S). For practice, prior to starting to
record the EEG, the subjects had one full training session
(approximately 12 min) of real movements and half of a
session of the imaginary movements. During the experi-
ment, real and imaginary movements were separated in dif-
ferent sessions. Each subject performed three sessions of
real movements and four sessions of imaginary movements
in the following order: real, imaginary, real, imaginary,
real, imaginary, imaginary. Each session consisted of 15
repetitions of four different movements (E, F, P and S, in
random order), 60 movements in total. Hence, each subject
performed 180 real and 240 imaginary movements. Each
session lasted about 12 min and the break between the ses-
sions was between 5 and 15 min to allow the subject to rest.
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At t = 0 s a blank screen was presented to the subject
(Fig. 1). At t = 1 s a warning sign (a rectangle) appeared
for 0.25 s on the screen. At t = 2 s, an arrow of 5-cm
length, pointing right (E), left (F), up (P) or down (S)
stayed on the screen for 3 s, i.e., until t = 5 s. The arrow
indicated the movement to be executed (letters in parenthe-
ses above). A subject was asked to perform a movement
upon appearance of an arrow on the screen and to keep
the hand in the required position, i.e., to perform a sus-
tained movement, whether real or imagined, for all 3 s.
After the arrow disappeared from the screen, the subject
made a (non-sustained) movement to return the hand to
the resting position. The time between the arrow’s disap-
pearance and the new warning was random between 4
and 7 s. The total time between two trials was between 9
and 12 s.

2.2. Data recording

The electroencephalogram was recorded using a 64
channel Biosemi� ActiveTwo system with a sampling fre-
quency of 256 samples/s. Electrode placement was done
according to the Biosemi ABC system, which, for 64 elec-
trodes, corresponds to the international 10–10 system
(ACNS, 2006). The ActiveTwo System has a preamplifier
stage on the electrode and can correct for high imped-
ances (in the range of 100 kOhm), so impedance measure-
ments are not necessary (MettingVanRijn et al., 1990). In
order for the correction to be effective, the offset voltage
(between the A/D box and the body) was verified to be
within 50 lV, the range recommended by Biosemi, The
Netherlands (Biosemi ActiveTwo System, 2007), during
electrode placement and with no blinking artefacts. To
prevent saturation of the signal during EOG artefacts,
the BioSemi ActiveTwo system has a dynamic adjustable
range and can record EMG and EEG on all electrodes.
The system has eight additional monopolar electrodes
(called EX here) for measuring potentials from the other
parts of the body. The reference electrode for EEG
recording was an EX electrode placed on the right ear.
All electrodes had the same ground. Electro-oculograms
(EOGs) were recorded from the orbicularis oculi, from
the outer cantus of the right eye, and below the right
eye. Simultaneously, forearm EMG was bipolarly
recorded during real and imaginary movement with two
pairs of EX electrodes placed 2 cm apart on the flexor
carpi and extensor carpi (Hermens and Freriks, 1999a).
Thus, it was possible to determine whether there was
any real movement during imaginary movement sessions.
Also, to detect the onset of muscle activity, EMG was rec-
tified and averaged over 30 ms (Hermens and Freriks,
1999b). The criterion for movement onset was that the
averaged EMG (while the arrow was on the screen)
exceeded mean ± (2*SD) of the averaged EMG from the
first 50 ms of the reference period (the reference period
started 1 s before the warning sign, which had no muscle
activity related to the analysed movement).
2.3. EOG removal using independent component analysis

EOG artefact was minimised using independent compo-
nent analysis (ICA) as described in Onton and Makeig
(2006). ICA components containing EOG artefacts were
determined by comparing the ICA components with the
EOG recordings and by checking the spatial localisation
of the components. Components that included the stron-
gest EOG (blinking artefacts) were set to zero before
inverting the data to the EEG domain. It was possible that
some EOG still remained after EOG removal, but that
would affect mainly lower EEG frequencies (0–2 Hz). In
addition, the signal was averaged and statistically signifi-
cant differences between two energy maps were calculated.
Therefore, the influence of the remaining EOG should be
negligible because it was unlikely that the EOG that
remained after EOG removal and averaging of the signal
was biased towards one type of movement.

2.4. Data pre-processing

The raw EEG was referenced to the right ear and filtered
(Butterworth filter of the 5th order, zero lag, high pass cut off
frequency at 0.5 Hz and low pass cut off frequency at
100 Hz). In addition, a Butterworth stop-band filter was
applied at 50 Hz. To obtain a reference-free recording, a
Laplacian that included the centre and the four nearest elec-
trodes (three nearest electrodes for electrodes at the edge)
was calculated (Hjort, 1975). The EEG signal was visually
inspected and poor quality EEG segments were removed.
The exclusion criterion was that the amplitude of the spuri-
ous signal exceeded three times the standard deviation of
the EEG amplitude (Talsma and Woldorff, 2005). That left
35–40 real movement trials (out of 45) and 50–55 imaginary
movement trials (out of 60) for each type, for each subject.

2.5. Time–frequency analysis

The Discrete Gabor transformation was applied to the
EEG signal to calculate the Gabor coefficients (GCs).
The Gabor transformation is a windowed Fourier transfor-
mation with a fixed size of the windows in both time and
frequency (Qian and Chen, 1996; Munk, 2000). To calcu-
late Gabor coefficients, the temporal resolution was
120 ms and the frequency resolution was 2 Hz.

The windowing function used was the Gaussian func-
tion. In this study, only a direct DGT was applied to calcu-
late the Gabor coefficients, as follows:

GCmn ¼
XL�1
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where S is EEG signal, c is the analysis Gaussian func-
tion, N1 = 256 is the number of samples in the analysis
function (and at the same time it is the number of grid
points in the time and frequency dimension), DM = 32
is the time step, DN = 2 is the frequency step, i.e., the
bandwidth, N = 128 is the number of frequency steps
DN in the frequency dimension and L is the total num-
ber of samples in the analysed 6 s epoch (Munk, 2000).
Only GCs corresponding to 0.5–100 Hz (50 frequency
bands, width of each band 2 Hz) were included for fur-
ther analysis. In that way the d, h, a, b and c ranges
were taken into account.

The energy for each time–frequency window was calcu-
lated as:

Emn ¼ ðabsðGCmnÞÞ2 ð2Þ

and the energy for two adjacent time windows was aver-
aged, thus giving energy values for time–frequency win-
dows of 2 Hz by 240 ms. This was done as suggested in
Durka (2006); Zygierewicz et al. (2005) to reduce detection
of ‘‘noise’’. These time–frequency windows were called ‘‘re-
sels’’ (Durka, 2006; Zygierewicz et al., 2005).

2.6. Calculating ERD/ERS and their statistical significance

The ERD/ERS maps of statistically significant resels
were calculated following a procedure described in Zygier-
ewicz et al. (2005):

• The energy values for each resel were normalised using a
Box–Cox transformation (Box and Cox, 1964), giving
Enorm

mn , where m is a given frequency band and n is a given
time window.

• A paired t-test was performed between energy levels of a
reference period in the frequency band m and energy
values of each resel in the period after the cue onset
Enorm

Mn , in the corresponding frequency band. The signif-
icance level for the t-test was 0.05.

• A method to estimate the false discovery rate (signifi-
cance level 0.05) was applied to reduce the number of
falsely detected noisy resels (Benjamin and Yekuteli,
2001).

• For the chosen resels, ERD/ERS maps were calculated
based on non-normalised values:
ERD=ERSðm; nÞ ¼ Eðm; nÞ � ErefðmÞ
ErefðmÞ

: ð3Þ

For each subject, the time–frequency distribution of the
ERD/ERS responses was determined and the electrode
location of the strongest ERD/ERS response was de-
fined. The reference period was from 2640 ms to
1640 ms before the cue onset (values determined by
the time resolution for calculating the Gabor coeffi-
cients) and the time–frequency windows were 240 ms
by 2 Hz.
2.7. Comparing energy levels for two different conditions

To compare energy levels between two different energy
density maps it was necessary to find resels with statistically
significant energy changes for both maps. In general, these
two maps were made based on unequal numbers of single
trials K1 and K2. Therefore to find which resels have statis-
tically significant difference for energy levels between the
two conditions, an unpaired t-test was applied for each
of the corresponding resels and H and p values were
obtained as follows:

½H m;n; pm;n� ¼ t-test E1norm
m;n ;E2norm

m;n

� �
ð4Þ

In this way, new maps containing H or p values for each
resel were obtained. H maps contained the values 0 (non-
significant) or 1 (significant) for each resel. P maps con-
tained p values for each significant resels. For all resels that
had H = 0, the value of p was set to 1.

To account for false detection of significant resels due to
multiple comparison, a method for false discovery rate
(FDR) estimation (Benjamin and Yekuteli, 2001) was
applied again, with a significance level of 0.05.

The proposed method was implemented on data for
each single subject, for both real and imaginary move-
ments. H and p maps of statistically significant differences
between any combination of two movements (extension–
flexion EF, extension–supination ES, extension–pronation
EP, flexion–supination FS, flexion–pronation FP, supina-
tion–pronation SP) were calculated for each single subject.
Grand average maps of H values were obtained as well and
were compared with the H maps of the single subjects. To
illustrate differences between H values for each single sub-
ject and the grand average values, the H maps for two sin-
gle subjects are shown in the next section. H and p maps
were calculated for a period lasting 6 s that started 3 s
before the cue (arrow) onset and ended 3 s after the cue
onset, when the cue disappeared from the screen. A sus-
tained movement was performed in the last 3 s of that 6-s
period.
3. Results

3.1. ERD/ERS maps

The ERD and ERS maps showed regions of desyn-
chronisation and synchronisation in nine out of ten sub-
jects. In one subject, clearly defined ERD/ERS regions
could not be detected so the subject was excluded from
further analysis. Alpha frequency range desynchronisation
(8–14 Hz) was noticed in the remaining nine subjects in
the sensory-motor region (corresponding to location of
C, Cp and CF electrodes). Meta desynchronisation was
also noticed in the same region in four subjects for the
imaginary movements and in five subjects for the real
movements. In three subjects delta ERD was noticed for
the imaginary movements. In two subjects there was an
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ERS in the frequency range above 40 Hz. Although the
ERD/ERS maps were calculated for the 0.5–100 Hz fre-
quency range, resels with a statistically significant ERD/
ERS were not clustering for the higher frequencies and
it was not possible to exclude the possibility that they rep-
resented noise. Therefore, only frequencies up to 60 Hz
are shown in the results.

The strongest ERD/ERS responses were detected in
regions that corresponded to electrode locations CP3 and
C3 for both real and imaginary movements. The location
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corresponded to either C3 or CP3 electrode location. How-
ever, the location of the strongest ERD/ERS responses was
in two cases on the CP3 for the imaginary and on the C3
for the real movements.
Fig. 2a shows ERD/ERS maps for four real movements
for one subject for electrode location CP3. Fig. 3a shows
ERD/ERS maps for imagination of the same four types
of movements, on the same electrode location of the same
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subject. The ERD was stronger for the real than for the
imaginary movements, by up to 75%, and spread over a
2–4 Hz wider frequency bands, in the alpha and the lower
beta frequency range. The frequency range of the ERD
(higher alpha and beta) was similar but was wider for the
real (12–30 Hz) than for the imaginary (14–18 Hz) move-
ments. In addition, for the real movements an ERD can
also be noticed in the frequency ranges up to 40 Hz. The
ERS lasted up to 0.5 s and was mostly restricted to isolated
2 Hz bands. The ERS was up to 75% of the ERD.

3.2. Detection of statistically significant differences in energy

levels between two types of movements

Fig. 2b shows regions with statistically significant differ-
ences between two types of real movements (supination
and pronation) on the electrode location CP3. All figures
apart from the lower right one show H maps and the last
one shows a p map. H maps, which are binary, are pre-
sented because of their better legibility compared to the
gray scales in p maps. A p map is shown for one case only
to demonstrate significance levels of differences between
resels of two ERD/ERS maps. H maps were calculated
for all six possible combinations of four movements (EF,
ES, EP, FS, FP, SP). H maps shown in Fig. 2b were calcu-
lated for 6 s long periods. The period started at t = �3 s,
that is, 3 s before the cue onset (the cue onset was at
t = 0 s), and finished when the cue disappeared from the
screen (at t = 3 s). A sustained movement was performed
during the last 3 s, while the cue was on the screen.

For an EF (i.e. extension/flexion) combination, most of
the resels were in the lower beta range in the first second
after the cue. From Fig. 2a it can be noticed that extension
and flexion energy maps have the largest differences in the
beta frequency range during the first second. For the ES
combination, significant resels clustered in the beta (14–
30 Hz) and the lower gamma range (44–56 Hz). From
Fig. 2a it can be seen that an ERD for flexion starts
240 ms earlier than a ERD for supination (figure labelled
with FS). Therefore, the H map shows differences in energy
levels in frequency band 16–18 Hz during almost 1 s. Sim-
ilar differences can be noticed for the other combinations of
movements. Fig. 3b shows H maps for imaginary move-
ments of the same person and on the same electrode loca-
tion. The number of significant resels was smaller in the
case of the real movements and could not be easily com-
pared with the corresponding ERD/ERS maps. Similar
to the real movements, different types of movements have
different delays for the start of significant ERD. This shows
that the afferent feedback (absent in the case of imaginary
movements) was not the only cause for the different tempo-
ral distribution of significant ERD/ERS resels for different
types of movements. Only in the case of an H map
obtained for the EP combination it can be noticed that sig-
nificant resels clustered in the 14–18 Hz range that corre-
sponded to differences of the ERD/ERS maps of
extension and pronation (Fig. 3a).
It can also be noticed that some significant resels were
falsely detected in the reference period and in the period
between the warning and the cue. These resels have been
falsely detected in the process of determining regions with
significant energy changes for each type of movements.
For example, two resels on 60 Hz in extension ERD/ERS
map, in the reference period (Fig. 3a), are found significant
on the H map of EF (Fig. 3b). However, the rest of ‘‘noise’’
resels from the ERD/ERS maps on the same figure are not
marked as significant. Although there are statistically sig-
nificant resels in the energy density maps for each move-
ment between warning sign and a cue, which probably
indicates expectation (e.g., ERD in the alpha range in
Fig. 2a, flexion), it is not likely that statistically significant
resels before the cue (in the H map) have a physiological
origin, because the order of movements was random.

A way to reduce the number of falsely detected resels
would be to look at p instead of H maps as they show
the significance levels for different resels. From the lower
right figures in Figs. 2b and 3 it can be noticed that most
of the ‘‘noise’’ resels in the period before the cue had lower
significance levels, i.e. larger p values, compared to the
resels after the cue.

Fig. 4 shows one more example of a topographic display
of a H map for significant differences between two real
movements, extension and pronation, for one more single
subject, in the sensory-motor region. The largest number
of significant resels was on electrode location CP3 and in
general in the centro-parietal area, on both the contra (left)
and the ipsilateral (right) side.

The time–frequency distribution of H maps for a certain
combination of movements was not homogeneous for all
subjects. Therefore, a general analysis of differences
between H maps for different combinations of movements
was not performed in this study. Such analysis would prob-
ably require a larger number of subjects though it is ques-
tionable if such subtle differences could be recorded with
EEG.

Table 1 shows the number of significant resels as a per-
centage of the total number of resels (in frequency range 0–
60 Hz and in the time interval 0–3 s) for all six combina-
tions of imaginary and real movements, on the electrode
location CP3. The number of significant resels was in aver-
age less than 2% for the imaginary and less than 3% for the
real movements. This shows that the method was also effi-
cient for feature selection in a BCI system, but choice of the
best (i.e. the most discriminative) features can be further
refined by subsequently applying some other method for
feature extraction to additionally reduce the number of
the resels, i.e. features.

Besides finding the most discriminative features in the
time–frequency domain on each electrode site, the most
discriminative recording sites can be determined as well.
To determine general most discriminative sites, grand aver-
age H maps were made.

Fig. 5 shows a topographic display of a grand average H

map over nine subjects for discrimination between two real
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Table 1
The average number (in percentage) of resels which show statistically significant difference between two motor tasks for imaginary and real movements, on
electrode location CP3

E–F E–S E–P F–S F–P S–P

Imaginary 1.2 ± 0.5 1.3 ± 0.5 1.3 ± 0.5 1.4 ± 0.6 1.6 ± 1.1 1.8 ± 0.9
Real 2.7 ± 1.1 1.6 ± 0.5 1.4 ± 0.9 1.6 ± 0.5 2.9 ± 2.9 2.0 ± 0.9

EF, extension–flexion; ES, extension–supination; EP, extension–pronation; FS, flexion–pronation; FP, extension–pronation; SP, supination–pronation.
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movements, supination and pronation, in the sensory-
motor region. The darker colour means that the resel was
found significant in more subjects. For example, a level
of 1/9 = 0.11 on the colour bar means that the resel was
found significant in one person while a level 0.44 means
that it was significant in four out of nine subjects. The
resels were distributed over the whole 3 s during sustained
movements. The most discriminative region corresponded
to a location of the electrode CP3 (12–30 Hz) and ipsilater-
ally (on the right) to location of the electrodes C4 and CP2
(14–18 Hz). A region with a lot of discriminative resels was
also in the frontal part on both contra (left) and ipsilateral
(right) side and parietally on the electrode location P2 (12–
30 Hz) on the ipsilateral (right) side. In the frontal region,
the most discriminative resels were found in the lower beta
range (14–18 Hz) on electrode locations F1 and F2 and
also in the delta range (0–4 Hz) on electrode locations
F1, Fz, F2 and F4. There were also some sparsely distrib-
uted resels over the whole 0.5–60 Hz range.

Fig. 6 shows a topographic display of the grand average
H map over the same nine subjects, for the same type of
movements (supination), but imagined instead of executed.
It was not possible to visually determine any particular
region with the largest number of discriminative resels
(although a region corresponding to the electrode location
CP3 had the strongest ERD/ERS in most of cases). It can
be noticed that some narrow frequency bands, belonging to
the higher alpha and the lower beta band, marked with
asterisks (C3, 14–16 Hz; CF5, 10–12 Hz; CP2, 10–12 Hz),
were discriminative in continuity for 1.5 s. Many significant
resels belonged to the delta range, especially in the frontal
region (corresponding to electrode locations F3 and F2).
As described previously in Section 2 for removing EOG
artefact, it was not likely that the delta activity (especially
in 2–4 Hz range) reflected eye-movement artefacts, but it
cannot be ruled out that it represented some other mental
process other than kinaesthetic movement imagination,
such as visual imagination (Neuper et al., 2005) or visual
processing of cues, i.e., arrows pointing in different direc-
tions shown on the screen (Hopf and Mangum, 2000).

Fig. 7 shows the grand average H map for all six combi-
nations of the real movements on the electrode location
CP3. Most of the statistically significant resels were wit-
nessed in the 12–30 Hz frequency range. Clustering of sig-
nificant resels could be noticed for all combinations of
movements but was the most pronounced for EP, SP and
FP. However, the result for the grand average was not
directly transferable to each individual subject, which can
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be noticed by comparing Fig. 7 with Figs. 2 and 4.
Although H maps were calculated for each single subject,
because of complexity of the figures and large number of
movement combinations, H maps were illustrated on the
movements of two single subjects only.

Fig. 8 shows the grand average H map for all six combi-
nations of the imaginary movements on the electrode loca-
tion CP3. In contrast to the real movements, clustering of
significant resels in the higher alpha and the lower beta
range (12–20 Hz) was obvious only for FS and FP.
4. Discussion

BCI systems based on motor tasks often use features
extracted from the ERD/ERS maps. In order to determine
the most representative features various methods were pro-
posed to determine regions of statistically significant ERD/
ERS (Graimann et al., 2002; Zygierewicz et al., 2005).
These methods basically show regions with the highest rel-
ative increase/decrease of energy in narrow frequency
bands, during the motor task, compared to the reference
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period, when there was no activity related to the task.
However, BCI systems are often based on discrimination
between different motor tasks. Therefore another impor-
tant issue of the BCI would be to visualise and quantify,
based on relative energy maps, regions in the time–fre-
quency plane with the largest differences between the two
maps. In ERD/ERS studies based on real movements of
different parts of the body visualisation and quantification
of these regions might not be very difficult due to differ-
ences in spatial distribution of two ERD/ERS maps. How-
ever if imaginary movements should be compared or if
movements should be performed with the same part of
the body regions of largest differences in ERD/ERS maps
cannot be easily visually determined (Pfurtscheller et al.,
1999).

This paper proposes a method to determine spatial, time
and frequency regions of significant differences between
two energy maps based on the EEG signal of individual
subjects while they performed two different real or imagi-
nary motor tasks with the same hand. The method repre-
sents an extension of a method proposed by Zygierewicz
et al. (2005); Durka (2006) where energy density maps were
calculated based on the Matching Pursuit algorithm (Mal-
lat and Zhang, 1993). Matching Pursuit is a data driven
method that allows determining optimum time–frequency
windows. However, to calculate statistically significant dif-
ferences in ERD/ERS maps, a finite size time–frequency
window (250 ms by 2 Hz) was used in that study, which
is similar to the time–frequency windows used in the pres-
ent study (240 ms by 2 Hz).

The energy values were calculated based on the Gabor
transformation, which is the only one way of calculating
a time–frequency energy density, that can also be calcu-
lated using for instance, Fourier transformation, continu-
ous wavelet transformation or matching pursuit. The
only requirement is that the corresponding time–frequency
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windows of two energy–density maps have the same size so
that they can be compared.

The proposed method enabled calculation and visualisa-
tion of significant differences between two motor tasks even
when these tasks activated the same region of the cortex
and the difference in the ERD/ERS maps cannot be easily
visually observed.

In addition to visualisation of regions with significant
differences in energy density maps, the method can also
be utilised to find the most discriminative features (resels)
between the two motor tasks. A percentage of statistically
significant features was on electrode location CP3, from
1.2 ± 0.5% to 1.8 ± 0.9% for the imaginary movements
and from 1.4 ± 0.9% to 2.9 ± 2.9% for the imaginary
movements. The method significantly reduced a total
number of possible candidate features for a BCI classifier,
acting as a feature selection. Selected features could be
used as an input to a BCI classifier. In addition to reduc-
ing a number of features in the time–frequency plane, the
method also determined spatial locations of regions with
the largest differences between the two tasks. That could
further reduce the number of necessary recording elec-
trodes, which is a requirement for an on-line BCI system.
The same method could be applied to visualise differences
between imagination and execution of the same motor
tasks.

The calculation of Gabor coefficients for single epochs
followed by the calculation of statistically significant
ERD/ERS took between 3 and 4 s (all programs executed
in Matlab 7, on a PC Pentium with 1 GB RAM), which
is less than the duration of an epoch (6 s) used in this study.
In general, epochs for on-line BCI purposes last several sec-
onds (e.g., one epoch lasted 7 s in (Vidaurre et al., 2006).
Therefore, the feature extraction method proposed in this
study, followed by feature classification, should be applica-
ble for many on-line BCIs. EOG removal was not included
in the estimation, because it was performed before calculat-
ing the Gabor coefficients. In real-time applications, two
possible solutions could be tried: (a) to ignore EOG arte-
facts and avoid using EEG from the most frontal elec-
trodes, or (b) to pre-calculate an ICA matrix containing
only EOG components and then to apply that matrix to
the new data on-line, assuming that the nature of EOG
artefacts does not change over time.

In addition, because the analysed data’s distribution has
been normalised, it can also be applied for a multiclass com-
parison using ANOVA or similar tests. In examples shown in
this paper, differences between the real movements could be
easily visualised. For the imaginary movements, the number
of significant resels was smaller than for the real movements.
Therefore, it was not easy to visually determine the regions
with the largest differences but as already mentioned due to
the relatively small number of significant resels, they could
be used (for each of two types of movements) as a feature
input for a two class classifier.

Statistically significant ERD/ERS changes for single
subjects showed different temporal distributions (up to
240 ms) in the same frequency range for different types of
movements. These differences were noticed for both real
and imaginary movements of the same person, showing
that they were not caused only by afferent feedback. A pos-
sible explanation for different temporal distribution in sta-
tistically significant ERD/ERS changes for different types
of movements could be that the maps represented only sta-
tistically significant ERD/ERS changes while slight ERD/
ERS changes may have started earlier.

Although the method works well for the given applica-
tion it has several limitations:

1. It can be used only if the two different tasks were per-
formed during the same experiment (so that the elec-
trode locations for the two tasks are the same). If
maps obtained during two different sessions were to be
compared, it would be a problem to determine whether
the origin of the differences was due to different electrode
locations or to the actual time variations between two
sessions caused, for instance, by learning. However, this
is a general problem related to EEG recordings and it is
not restricted to our method only.

2. In this study it was assumed that the reference period
was the same for both tasks. If that were not the case,
it would be more appropriate to compare the whole
energy maps instead of maps of resels showing signifi-
cant differences compared to the reference period (per-
sonal communication with Dr. Zygeriewitz). The
problem with comparing whole energy maps, instead
of only significant parts therein, would be that the num-
ber of falsely detected significant resels would increase
with the increase in the total number of resels that are
simultaneously compared (Zygierewicz et al., 2005; Ben-
jamin and Yekuteli, 2001).

3. In the present study, behavioural data were not moni-
tored, though existence of such data could reduce trial
to trial variance, because the existing reference point,
an arrow on the screen could be replaced with some
more reliable physiological measurement. The reason
for this choice is that in BCI experimental paradigms,
which are based on calculating ERD/ERS maps, it is
not usual to provide behavioural control, especially
because BCI experiments are often based on imaginary
movements and other mental tasks that may not elicit
measurable behavioural outputs. Even experiments on
which methods for calculating significant ERD/ERS
maps were demonstrated (e.g., Crone et al., 1998a; Grai-
mann et al., 2002; Zygierewicz et al., 2005) have had no
behavioural control. In addition the analysed time win-
dow of 240 ms was quite large and precisely defined ref-
erence point would not be of much use.

4. About 10% of population do not have clearly distin-
guishable brain states related to the motor imagery or
execution (Pfurtscheller and Neuper, 2001). In the cur-
rent study, in one out of ten subject there were no signif-
icant ERD/ERS changes and the proposed method
could not be applied.
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The method was not completely insensitive to noise and
that sensitivity was due to the sensitivity of the method for
finding significant ERD/ERS changes. A way to overcome
this would be to avoid analysing very high frequencies and
to look at p instead of H maps, so that the relative impor-
tance of each resel can be determined. However, this is not
a straightforward solution because all resels in a H map are
already statistically significant and setting a new p level
would depend on the specific data set and the purpose of
the analysis. Alternatively, depending on the purpose, dif-
ferent significance levels in a t-test can be used.

The results obtained in this study are in accordance with
previous ERD/ERS studies (on imaginary and real move-
ments) that showed the most significant changes in the
alpha and beta ranges in the hand representations area
(Pfurtscheller et al., 1999). On the other hand, the present
study is not completely comparable with the previous ones
because they either looked at ERD/ERS for different limbs
or for different types of movements. In Pfurtscheller et al.
(1999), differences in ERD/ERS during voluntary finger,
thumb and wrist movements were analysed. Similarly to
the current study, movements in these three parts of the
body activated approximately the same region of the cor-
tex. An ANOVA test was used to compare between
ERD/ERS during and after movements in different parts
of the hand (Pfurtscheller et al., 1999). The largest differ-
ences were found in the post-movement beta ERS. How-
ever, the method used in that study allowed only a rough
separation into pre- and post-movement periods. Further,
the ANOVA test was applied (without data normalisation)
to data that in general do not have a normal distribution.

In the present study, the largest differences between the
energy levels of two energy density maps were found in the
higher alpha and the beta ranges (i.e., 12–30 Hz). However,
a clear post-movement beta ERS was not noticed because
only a 3-s period during a sustained movement was ana-
lysed. Analysis of the post-movement period was not pos-
sible because the 3 s sustained movement was followed by
another movement to bring the hand back to the resting
position (e.g., extension was followed by flexion and flexion
was followed by extension). Therefore, if the post-move-
ment period was included, both types of movement would
be present in both cases.

The grand average map for the real movements showed
that the CP3 location contained the largest amount of sig-
nificantly different resels between two movements of the
same (right) hand, independently of the movement type.
However, it is interesting to note that there were quite a
few significant resels on the ipsilateral (right) side, on elec-
trode locations P2 and F2.

The grand average H map for imaginary movements did
not clearly show that the CP3 location contained the larg-
est number of significantly different resels, but, Fig. 8, pre-
senting enlarged H maps on electrode location CP3 for all
six combinations of imaginary movements, showed cluster-
ing of significant resels in the higher alpha and the lower
beta range (12–20 Hz). The grand average H map also
showed activity in the delta range in the frontal region,
which might suggest that the subjects combined kinaesthet-
ic and visual imagination. Neuper et al. (Neuper et al.,
2005) showed that there is a difference between the spatial
localisation of kinaesthetic and visual imagination, respec-
tively, the former being mostly localised in the sensory-
motor area and the latter being more widespread. In
another BCI study, based on EEG and MEC recordings,
tetraplegic patients were asked to attempt to perform left,
right, or both index finger movements (Kauhanen et al.,
2006). It is likely that patients in that study, who could
not perform real movement for long periods of time, pre-
ferred visual imagination. In that study, the best classifica-
tion accuracy was achieved with features in the 0.5–3 Hz
range when brain signals were recorded bipolarly from
F3–F4, C3–C4 and P3–P4. i.e., the best classification accu-
racy was achieved with features in the delta band and
recorded not only from the central but also from frontal
and parietal sites.

In a previous study of ours, the same data were used to
classify between two different groups of imaginary move-
ments and an average classification accuracy of 80% was
achieved (Vuckovic and Sepulveda, 2006). Classification
was based on neural networks and the input features were
the absolute values of Gabor coefficients (in the 8–80 Hz
frequency range) calculated on Independent Components
rather than on the EEG signal, so precise localisation of
most significant resels was not possible. Choosing the best
features based on the proposed method would have advan-
tages compared to the method based on the Independent
Components because it would enable precise spatial loca-
tion of significant features and could be used in on-line
applications. Further, the number of independent compo-
nents may vary over time and their on-line updating would
add to the computational cost.

If a reliable on-line classification of imaginary move-
ments of the same limb would be achieved it could be com-
bined with classification of movements of different parts of
the body. That would increase a number of separable clas-
ses of an BCI system, thereby providing a larger number of
command signals to control the external devises such as
computers and robotic devices.

This study was based on a motor task. However, ERD/
ERS can be a result of many other events (Pfurtscheller
and Lopes da Silva, 1999; Neubauer et al., 2006; Krause,
2006). The proposed method for finding significant features
can also be used for discrimination of such tasks, whether
used for BCI applications or not. It is not limited to the
EEG recordings and could be applied to different methods
of recording brain activity such as ECoG and MEG.
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