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Abstract— This paper reports on the use of electroencephalogram (EEG)-based phase desynchronization networks for the
recognition of imagined movements. Features derived solely from
these networks are classified using linear support vector machine.
An average accuracy of 73% is achieved for the single-trial
imagined hand versus foot movements. The results demonstrate
that phase desynchronizations provide relevant information for
the discrimination of mental tasks. This novel approach will
potentially benefit the development of brain-computer interfaces.

I. I NTRODUCTION
A brain-computer interface (BCI) is a communication system that does not depend on the brain’s normal input or
output pathways of peripheral nerves [1]. This offers hope for
the severely paralyzed to control computers and wheelchairs.
The-state-of-the-art of BCIs, however, is still restricted to
identifying useful brain signals and designing algorithms to
interpret these signals [2].
The most exploited signal for BCIs is the scalp-recorded
electroencephalogram (EEG). EEG is a noninvasive measurement of brain activities and has a temporal resolution of milliseconds. A large body of literature have been reported using
power spectra, autoregressive model or spatial information for
EEG-based BCIs [2]. In this study, a novel approach based
on EEG phase desynchronziation networks is introduced for
BCIs.
The brain consists of many functionally specialized regions.
Dynamic bindings (couplings) of these distributed local neural
networks underlie the operation of many mental processes.
Phase synchronization has been proposed as a mechanism
for this dynamic integration. Phase desynchronization, on the
other hand, actively unbinds (uncouples) the neural assemblies
and prepares the brain for the next mental state. Evidence
suggests that different mental processes are characterized by
distinct spatiotemporal patterns of phase dynamics (for a
review, see [3]).
Phase synchronization has recently been exploited for BCIs
and was shown to contain relevant information for the recognition of mental tasks [4]. The synchronization, however, has
been transformed into static values by averaging over space
and time. This destroys the spatiotemporal information of
the underlying dynamics. In this study, such information is
captured by a dynamic network model. Statistics derived solely
from these networks are shown to suffice for an accurate

classification (>73%) of the single-trial imagined movements.
Furthermore, the usefulness of phase desynchronization is also
demonstrated for the first time in the context of BCIs.
II. EEG R ECORDING AND E XPERIMENTAL PARADIGM
The data set investigated in this paper is the data set IVa
provided by the Berlin BCI group [5] and is freely available
from the BCI competition III web site [6]. For completeness,
the recording conditions and experimental paradigm are briefly
described.
Recordings were made at 118 positions of the extended
international 10/20-system. Signals were band-pass filtered
between 0.05 and 200 Hz and then sampled at 100 Hz with 0.1
uV accuracy. Data were collected from five healthy subjects.
They were required to imagine they were moving part of their
bodies (3.5 s for each imagination) based on the visual cues.
Between cues, there were relaxation periods ranging from 1.7
to 2.25 s. Only data for the imagined right hand (class 1) and
right foot (class 2) movements are provided in this data set.
III. EEG D ESYNCHRONIZATION N ETWORKS
EEG signals are processed without re-referencing. Wavelet
analysis is used to extract the phase information from each frequency range of interest. The significance of synchronization
is then determined for each time point by comparison with
the baseline activities. Interestingly, only transient desynchronization can be robustly observed from the data. Dynamic networks are then constructed to capture these transient activities.
Details are given in the next three subsections
A. Wavelet-based Phase Locking Statistics (P LS)
EEG signals are well-known for their non-stationarity. Contributions from different frequencies may start and end at
different times and their phases usually change over time.
Wavelet analysis is well-suited for the analysis of nonstationary signals, due to its excellent temporal resolution even
at high frequencies.
Suppose that a signal from electrode i is denoted as xi (t).
The wavelet coefficient Wi (s, t) at scale s and time t is
computed using a complex Morlet wavelet [7]. For simplicity,
s is henceforth omitted from Wi (s, t).
The instantaneous phase difference φij (t) between xi (t)
and xj (t) can be computed using their corresponding wavelet

coefficients, i.e.
φij (t) =

Wi (t)Wj∗ (t)
,
|Wi (t)Wj (t)|

(1)

where φij (t) ∈ C has unit modulus and all information is
contained in the angle. If φij stays approximately constant
over a period of time, xi and xj are said to be synchronized;
otherwise, they are desynchronized. To quantify this relation,
phase locking statistics (P LS) at time t are defined as
P LSij (t) = |

t+∆
X

φij (t)|,

(2)

t−∆

which is the modulus of the sum of φij (t) in a small window
[−∆, ∆] centered at t (in practice, ∆ = 50/f where f is
the Fourier frequency corresponding to the scale s). P LSij ∈
[0, 1], with 0 for complete desynchronization and 1 for perfect
synchronization.
Using (1)(2), a P LS is computed for each electrode pair at
each time point. The time courses of P LSs are similar across
electrode pairs. They are characterized by strong synchronization interwoven with transient bursts of desynchronization, as
confirmed by other studies (for an example, see [8]). A typical
time course computed at 50 Hz is illustrated in Fig. 1.
The observed synchronization, however, may be spurious,
especially for adjacent electrodes. Strong synchronization may
result from volume conduction of the brain [7]. The desynchronization, though a more robust observation, can possibly
be caused by noise. To resolve these ambiguities, signals from
relaxation periods are used.

Fig. 1.

Typical time course of phase locking statistics for an electrode pair.

Fig. 2. Baseline phase locking statistics (at 10 Hz) as a function of distance.
Each sample point represents an electrode pair.

B. Baseline P LS Distribution
The method of surrogate data is often used to generate a
baseline distribution for P LSs [7]. This method, however,
does not consider the effect of inter-electrode distance on
P LS. Proximal electrode pairs tend to have stronger synchronization than distal pairs. To take this into consideration, the
distribution is derived from the relaxation periods instead.
Under a Gaussian assumption, only the mean (µP LS) and
standard deviation (σP LS) are computed for each electrode
pair. In Fig. 2, a scatter plot of these µP LSs versus interelectrode distance is illustrated using the data from one
subject. This plot clearly reveals the decreasing trend of
synchronization as a function of distance. This trend can not
possibly be captured by conventional surrogate methods using
Gaussian white noise.
C. Desynchronization Networks
Once the baseline distribution is available, significant synchronization and desynchronization can be determined. To be
99% (p < 0.01) sure that significant P LSs are not caused
by random perturbations, the P LSs are compared to their
respective intervals [µP LS − 2.6σP LS, µP LS + 2.6σP LS].
Only those P LSs outside these intervals are significant.
Surprisingly, the overwhelming majority of significant
P LSs are due to desynchronization. The pattern is that, at each
time point, a subset of electrode pairs desynchronize, and most

of these events last for less than 50 ms. These transient interelectrode relations are supposed to reflect the active unbinding
processes in the brain. Averaging the P LSs over space and
time, as did in [4], heavily destroys these dynamics. In this
study, a dynamic network model is adopted instead to capture
these spatiotemporally changing relations.
A dynamic phase desynchronization network is defined as
G = {V, E(t), 1 ≤ t ≤ T },

(3)

where V = {1, 2, . . . , 118} is the set of nodes and T is the
maximum number of time points in a trial. Each E(t) =
{eij (t)} is a set of links at time t, and satisfies i < j,
i, j ∈ V and P LSij (t) < µP LSij − 2.6σP LSij . A dynamic
desynchronization network at time t is illustrated in Fig. 3.
It is believed that these dynamic networks contain sufficient
information for the discrimination of imagined hand versus
foot movements.
IV. F EATURES
The features for the discrimination task are based on the
probability of link presence (P LP ) between two nodes. This
feature space is very large (a half of 118 × 118 ≈ 1 × 104 ).
A criterion is needed to select the most prominent subset of
features. To this end, the method of surrogate data is used. The

Fig. 3.
A desynchronization network at time t. Nodes (representing
electrodes) are placed in their positions in the extended international 10/20system.

derived thresholds allow objective selection of those features
most beneficial for the classification task.
A. Probability of Link Presence (P LP )
The P LP between node i and j in a desynchronization
network G is defined as
P
1≤t≤T eij (t)
P LPij =
.
(4)
T
P LPij is the number of links between i and j, normalized
by the total number of time points T . It describes how often
desynchronization happens between i and j.
Based on the P LP s from N trials, the mean (µP LP ) and
standard deviation (σP LP ) can be computed for each node
pair. Under a Gaussian assumption, the discriminability of the
P LP of a node pair for a classification task is defined as
dij =

|µP LPij1 − µP LPij2 |
,
σP LPij1 + σP LPij2

(5)

Where the superscripts represent classes (1 or 2) and a higher
value of d is desirable. In cases where two classes have
independent and identical distribution (i.i.d.), a single d of 1
can classify the two classes with an accuracy of 84%. The ds
computed from the real networks, however, are generally low,
with the majority smaller than 0.4. This means that any single
feature alone cannot perform well enough. It is thus necessary
to combine several features. In the following subsection, a
criterion is derived to choose the useful features.
B. Feature Selection
The low discriminability of the P LP s may caused by
inadequate sampling (about a hundred trials for each class)
rather than experimental effects. To investigate this issue, two
i.i.d. Gaussians are used to generate the surrogate data. Rather
than use the µP LP s and σP LP s from the real networks,
Gaussians of zero mean and unit standard deviation are used.
This is because discriminability is a ratio. It suffices to use
the same type of distribution for the random generation.

Fig. 4.

Distribution of discriminability (d) for N = 140.

N (the same as the number of trials) random numbers are
generated for each class. Discriminability d is then calculated
similarly to (5). After 100,000 realizations of the random
generation, a distribution of d is obtained and illustrated in
Fig. 4. For different N s, the distributions are different. Hence,
a threshold (D0 ) is determined separately for each N . These
D0 s are chosen from the tail of the distributions and to be
larger than 99.9% (p < 0.001) of their respective surrogate
data items. All ds from the real networks are then compared
against their corresponding D0 s. Only those P LP s satisfying
d > D0 are treated as candidate features. This pre-selection
excludes the effects of inadequate sampling.
For each subject, there are 140 trials (N =140) for each type
of motor imagery, and the dynamic networks are computed
for four frequencies f = 10, 12, 14, 16 Hz at EEG α and β
bands. The threshold used to select features are D0 = 0.23,
as illustrated in Fig. 4. For subject 3, the resulting number of
candidate features is very small and most of them are highly
correlated. His data is henceforth omitted from our further
analysis.
V. C LASSIFICATION AND R ESULTS
Linear support vector machine is used to classify the
computed feature vectors from desynchronization networks.
Classifiers were trained separately for each subject and 10-fold
cross-validation was used to test the generalization ability of
the method. The classification accuracies for the four subjects
are listed in Table I. The average accuracy for the four subjects
is 73%. Notably, for subject 2, an accuracy close to 80% is
achieved. This performance is quite satisfactory for this initial
attempt to use phase desynchronization networks in BCIs.
TABLE I
C LASSIFICATION ACCURACY
Subject

1

2

4

5

Avg. (%)

Class 1 (%)
Class 2 (%)

68.6
66.4

80.7
80.0

72.9
72.9

70.0
74.3

73.0
73.4

Avg. (%)

67.5

80.4

72.9

72.2

73.2

VI. D ISCUSSION
Features chosen in this study all have discriminabilities
larger than D0 . Under the assumption of a Gaussian and
statistical independence, the classification accuracy Q satisfies
the inequality [9]
Z D0 √ M
−υ 2
1
exp(
)dυ,
(6)
Q≥ √
2
2π −∞
where M is the number of features. The lower bound for Q
increases as the number of features increases.
According to (6), about 68 independent features will give
an accuracy of 95% for D0 = 0.23. However, this is far
from the case of this study, where typically several hundreds
of candidate features are needed to achieve the accuracies
listed in Table I. This suggests that many selected features
(or equivalent electrode pairs) are correlated.
Furthermore, the selected electrode pairs correspond well to
neurophysiological evidence, which suggests that during motor
imagery functional couplings occur between the motor cortex
of both hemispheres and between lateral and mesial areas of
the motor cortex [10]. In Fig. 5, the selected electrode pairs
at 12 Hz are illustrated for subject 2. It is clear from the
figure that, besides the pattern of couplings as indicated in the
literature, functional couplings also occur between the motor
cortex and the prefrontal cortex. This may reflect the executive
control of the prefrontal cortex over motor imagery.
VII. C ONCLUSION
In this study, the spatiotemporal dynamics of the brain
activities are captured by a dynamic phase desynchronization network model. Statistics from the networks are used
to classify two types of imagined movements. The average
classification accuracy of 73% fits with the evidence from the
literature, which suggests that different mental processes are
characterized by distinct networks [3]. It is believed that the
capacities of the networks have not yet been fully exploited.
Further studies on the possible patterns hidden in the networks
and the integration of this method with other approaches,

Fig. 5. Selected electrode pairs at 12 Hz show the functional couplings
between different areas of the brain. (Experiment data are from subject 2.)

such as the method of common spatial patterns [11], have
the potential to improve the development of BCIs.
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