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Abstract: In this paper, we investigate the phase information for classification between clench speed and clench
force motor imagery for BCI applications. The multivariate extensions of empirical mode decomposition
(MEMD) are used to decompose EEG data into intrinsic mode functions (IMFs). Then, the phase information is
got by transforming IMFs into analytic signal using Hiblert transforms. Six feature types are compared in the
paper for channel C3, Cz and C4: the amplitude of IMFs, the power of IMFs, the amplitude of the corresponding
analytic signal, the instantaneous phase of the analytic signal, the instantaneous frequency of the analytic signal
and the phase-locking value (PLV) between two channels. The support vector machine with 5-fold cross-
validation is used to classify clench speed motor imagery from clench force motor imagery. The results show
that for some subjects the instantaneous phase can get the best results, while PLV never performs best compared
with other features. The minimum classification error rate of 0.25 is reached in our research. Copyright © 2014
IFSA Publishing, S L.
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1. Introduction

Brain-computer interface (BCI) is an emerging
technology to realize environment and device control
using brain signals directly. The concept of BCI was
coined by Vidal in 1970s [1]. Due to the restrictions
in hardware and software capacities, this technology
developed very slowly before 1990s. However, with
the rapid development in micro-electronics and
artificial intelligent (AI), the technology has got
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many important achievements in recent 20 years.
Currently, researchers around the world are applying
BCI to the field of neurological rehabilitation [2],
prosthetic control [3], cursor control [4], wheelchair
control [5] and computer games [6]. More than that,
BCT has taken the first step from the laboratory to the
market, such as the Mind-Wave from NeuroSky Inc.
and the XWave from PLX Devices Inc.

A BCI system consists of three parts [7]: the
neural sensor that acquires the intent related neural
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activity signals; the decoder that translates the
physiological signals into control commands, and the
actuator that execute the commands to complete the
user intend.

The physiological signals that can be detected by
neural sensors can be divided into three categories.
The first one is the bio-electrical signals [8],
including the non-invasive electroencephalography
(EEG), the semi-invasive electrocardiography
(ECoQ), and the fully invasive microelectrode-based
intracortical spikes and local field potentials (LFPs).
The second one is the bio-magnetic signals, and
currently the non-invasive magnetocencephalography
(MEG) is only one kind of such signal used in BCIL
The last one is the hemodynamic signals, such as the
functional magnetic resonance imaging (fMRI)
signals and the near-infrared spectroscopy (NIRS)
signals. fMRI measures BOLD (blood oxygen level
dependent) hemodynamic response, and NIRS
measures the oxygenated and deoxygenated
hemoglobin changes. Both the two methods are non-
invasive and are highly correlated [9]. Among all the
signal types, EEG and NIRS are used mostly in the
world because their low cost and portability,
especially EEG.

Many researches show that the motor imagery
shares the same neural substrate with the executed
movements [10], so motor imagery can be used to
modulate EEG signals to provide features for the
decoder and then realize devices control through the
actuator. It is widely accepted that motor imagery can
generate a power decrease and/or a power
enhancement of specified frequency bands (event-
related de-synchronization, ERD, and event-related
synchronization, ERS), and ERD/ERS is the mostly
used feature for motor imagery based BCI
systems [11]. Common Spatial Patterns (CSP)
outlined by Miiller-Gerking is another widely used
method to discriminate motor imagery types [12],
and many variations of CSP have been proposed in
recent years, such as Sub-band Common Spatial
Pattern (SBCSP) [13] and Filter Bank Common
Spatial Pattern (FBCSP) [14]. However, CSP
requires a large number of channels to get a good
result, thus the subject needs more time to prepare
before the usage of a BCI system [15].

Phase also plays an important role when different
brain regions communicate with each other to
complete cognitive tasks [16]. The first measure of
phase covariance between two EEG signals was
proposed by Lachaux et al. as the phase-locking
value (PLV) [17]. Compared with the coherence
method, the advantage of PLV is its capacity to
separate amplitude and phase information. Gysels et
al. compared the PLV with spectral coherence and
spectral density, and they noticed significant
differences between the three different feature types
[18]. Then, they further investigated the broadband
and narrowband phase features using FIR bandpass
filters, and their results showed that while narrow
band power features generated better results than
broad band features, broad band PLV features

generated better results than narrow band ones [19].
However, in both literatures, the authors
using different methods to preprocess the phase
features and band power features, which may
lead to their results less credible. Sweeney-reed et al.
first introduced the empirical mode decomposition
(EMD) method to the phase synchronization
detection for processing the neural assemblies, and
their results implied that the EMD method can
improve the time-frequency localization of phase
synchrony than the band pass filtering method [20].
Another advantage of EMD is that it can avoid
arbitrary cut-off selection for band-pass filter, which
may markedly influence synchrony detection [21].
Then, Looney et al. introduced complex extensions of
EMD to assure the same decomposition levels for
analysis of channel pairs [22]. Furthermore, the
recently developed multivariate extensions of
empirical mode decomposition (MEMD) are
used to get frequency information in motor imagery
BCI [23].

In this paper, we apply MEMD to analyze the
phase information underling motor parameters
imagination. Subjects are instructed to do clench
speed and clench force motor imagery in the
experiment. Compared with other BCI paradigms that
instruct subjects to imagine movements of different
body parts, such as left hand, right hand, foot, and
tongue [24], our paradigm can increase BCI's control
commands, thus improves the feasibility for
application of devices control [25, 26].

The paper is constructed as follows. Section 2
describes the experiment design in our research. Then,
we introduce the procedure to get phase information
and the classification method to distinguish different
motor imagery tasks in section 3. Subsequently, the
classification results are presented in section 4.
Finally, in section 5, we discuss the results in our
research and make some conclusions.

2. Subjectsand Experiment Paradigm
2.1. Subjects

Six healthy subjects participate in the experiment
(three male, three female), and their average age
is 26.8 years. All of them are right-handed, and they
all give written approval to take part in the research.
To research the training effect on classification
accuracy, they are divided into two groups. One
group is trained three times before the experiment,
while the other group is not trained, and they are
simply instructed how to complete the tasks during
the experiment. The experiment is approved by the
Ethical Committee of the Shenyang Institute of
Automation (SIA), Chinese Academy of Sciences
(CAS).
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2.2. Experiment Paradigm

In our experiment, subjects are instructed to do
right hand clench speed motor imagery and right
hand clench force motor imagery, as motor
parameters imagery can increase BCI's control
number, and thus improve the flexibility for
applications such as wheelchair control, prosthesis
control, and environment control.

Subjects execute clench speed exercise at
frequencies of 0.5 Hz, 1 Hz, and 2 Hz ac-cording to a
metronome. The executed clench force exercise is
done with the help of a grip dynamometer. The
maximum clench force (MF) of each subject is
measured, and they are instructed to clench the grip
dynamometer to 20 % MF, 50 % MF and 80 % MF in
one second, and then hold it during the left four
seconds. The entire subject is instructed to remember
the feeling when they do the exercises, and recall the
feeling during the task period in the experiment. The
reason to refine clench speed motor imagery and
clench force imagery is to balance the motor
parameter difference for every subject, and thus the
results in the paper are more reliable.

A single trial is divided into four parts, as shown
in Fig. 1. Ten seconds base-line time followed by two
seconds cue time to inform the subject which motor
imagery task to execute in the next ten seconds task
period. After that is the rest period that lasts ten to
twelve seconds. In our experiment, the time for a
single trial is much longer than other EEG based
paradigms because we acquire the functional near-
infrared spectroscopy (fNIRS) signal simultaneously
with the EEG signal. However, we only investigate
the EEG signal in this paper, and the EEG-fNIRS
combined signal will be studied in the near future.

Every subject take part in three sessions, and each
session contains sixty trials. The trial number of
every motor imagery type equals to each other.

Base-line , CueI Task 1 Rest

-12 2 0 10

2022 time/s

Fig. 1. The event procedure during a trial. In our
experiment, the time duration of a trial is much longer than
other EEG based experiments. The reason for this is that
we acquire functional near-infrared spectroscopy (fNIRS)
signals simultaneously with EEG signals. Due to the nature
of hemodynamic responses, fNIRS signals take much
longer time to return to the base line than EEG signals.

2.3. Data Acquisition

We use the Neuroscan synamps2 to acquire EEG
signals at a sampling frequency of 1000 Hz. Twenty-
one Ag/AgCl electrodes over parietal area are used:
FC5, FC3, FC1, FCz, FC2, FC4, FC6, C5, C3, C1,
Cz, C2, C4, C6, CP5, CP3, CP1, CPz, CP2, CP4, and
CP6. Al is used as the reference electrode, and FPz is
used as the ground electrode. All the electrode
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impedance is lower than 5 kOhm. An online notch
filter is used to eliminate the 50 Hz power line noise.

3. Signal Processing M ethods
3.1. Preprocessing M ethods

To alleviate the computational cost, the EEG data
are down-sampled to 100 Hz. Before the down-
sample process, the data are low passed using an IIR
filter at a cutoff frequency of 50 Hz to avoid the
distortion due to down-sampling. Then, to remove the
low frequency drift, a band-pass filter at the cutoff
frequency of 0.5 Hz and 45 Hz is used to filter the
data. Both the low-pass filter used for down-sampling
and the band-pass filter are applied in both the
forward and backward directions to achieve zero-
phase distortion. After that, a small Laplacian filter is
used to improve the spatial resolution of all the EEG
channels [27].

3.2. Multivariate Empirical M ode
Decomposition (M EM D)

Empirical mode decomposition (EMD) was
developed by Huang et al. for nonlinear and non-
stationary signal analysis [28]. This method
decompose data set into a number of 'intrinsic mode
functions' (IMFs) through iteration approach, and the
resulting IMFs can be processed using Hilbert
transforms to get instantaneous frequencies. The
decomposition process is adaptive and very efficient
without any prior knowledge needed. However, EMD
is only suitable for one channel data, because when
two or more channels are decomposed using EMD
independently, the resulting IMFs at the same level
corresponding to different channels usually have
different frequency range. To address this
disadvantage, the bivariate empirical mode
decomposition (BEMD) is proposed to solve the two
channel problem in 2007 [29], and then the
multivariate empirical mode decomposition (MEMD)
are proposed in 2010 to solve the problem of more
than 3 channels [30]. In this paper, the MEMD is
used to decompose EEG data from C3, Cz, and C4
simultaneously, and the IMFs get from the three
channels are shown in Fig. 2. It is obviously that the
IMFs at the same level from the three channels have
the same frequency range, which is necessary for the
following feature extraction process.

3.3. Hilbert Transforms

After we get the IMFs of EEG data, we can get
the phase information of IMFs by two methods. The
first one is to convert the signal to its analytic format
by Hilbert transform, and the other one is to
convolute the signal with a complex wavelet [17].
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Fig. 2. The EEG signal and the corresponding IMFs
for channel C3, Cz and C4. The left column is from
channel C3, the middle column is from channel Cz, and the
right column is from channel C4. The top row is the
original EEG data, and the following 8 rows are the
corresponding IMFs of level 1 to 8.

Both the two methods can get comparable
results [31].

In this paper, we choose the Hilbert transform
method. For a signal X(t), its Hilbert transform is
thought as the convolution with the function

1
= 1 = X(7) M
y(t):Pj x(r)h(t—r)dr:-Pj 2 dr,
- T Y=t-1

where P is the Cauchy principal value. Then, we can
get the analytic signal of x(t),

Z(t) = (V) +iy(t) = A", 2

where i is the imaginary unit, A(t)=sgrt (x(t)*+y(t)? is
the instantaneous amplitude, and &t)=arctan y(t)/x(t)
is the instantaneous phase. The angle range of &) is
[-t =], and to get instantaneous frequency using
w(t)=dat)/d(t), &t) must be unwrapped by adding
multiples of £2 @ when absolute jumps of more than
7 happens between consecutive elements.

3.4. Feature Extraction

In this paper, we apply MEMD to three channels
C3, Cz and C4 to reduce the computation cost, and
the resulting IMFs with mean frequency more than
4 Hz are chosen in the following feature extraction
process. Five feature types are compared for single
channel IMFs: the amplitude of IMFs (imf'), the
power of IMFs (‘power'), the amplitude of the
corresponding  analytic  signal  ("Amp'), the

instantaneous phase of the analytic signal ('Angle'),
and the instantaneous frequency of the analytic signal
('Frequency'). The difference of these five feature
types are used for two channel combinations (C3-Cz,
C4-Cz and C3-C4), as well as PLV [17],

PLY, =ﬁ >ew(i@En-6am). G

PLV measures the phase variability between two
channels. Its range is [0 1], where 0 means no
synchrony between two channels, and 1 means total
synchrony between two channels. In our research, the
N is set as the sampling frequency.

All the features are averaged using a 1 second
time windows with step of 0.125 s, which is a
reasonable configuration for online BCI applications.

E. Support vector machines

The different IMFs features are used to classify
clench speed motor imagery from clench force motor
imagery using support vector machines (SVM) [32].
Compared with other machine learning methods,
SVM can get the best classification plane between
two classes, and address the linear un-separable
problem using kernel functions. In our research, we

choose the linear kernel K()g,xj):)gTXj , as this

kernel has minimum parameters to optimize.

Features of four time range are tried in the paper:
[-1 1], [-1 0], [0 1] and [-0.5 0.5]. Our results show
that the range [-0.5 0.5] can get the minimum
classification error rate. The 5-fold cross-validation is
used to make our results more reliable.

4. Results

The minimum classification error rate using the
best feature type is shown in Table 1, and the
corresponding channel type, feature type and
frequency range of IMFs are shown in Table 2. For
the entire subject, a mean error rate of 0.30 can be got.
The mean minimum error rate for three trained
subjects is 0.27, and the mean minimum error rate for
three untrained subjects is 0.32. These results mean
that the training process is essential to get better
classification results.

0z
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0.1
0os g
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Angle (rad)

015

0z
025 b

0250 r; 0 5 0 15
Time (s)

Fig. 3. The instantaneous phase difference between channel
C3 and Cz for one subject.
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Fig. 4. The resulting error rate using different IMFs
and feature types.

Due to the variability of EEG signals, the best
feature types change for every session. For some
subjects, the feature of IMFs power can get the
minimum results; for some paper, the feature of
instantaneous phase can get the minimum results, as
is shown in Fig. 3 and Fig. 4.

Table 1. The minimum error rate using the best
feature type.

Session 1 | Session 2 | Session 3 | Mean
Subject 1 0.32 0.25 0.27 0.28
Subject 2 0.27 0.25 0.25 0.26
Subject 3 0.28 0.39 0.32 0.33
Subject 4 0.35 0.28 0.33 0.32
Subject 5 0.28 0.35 0.27 0.30
Subject 6 0.30 0.28 0.27 0.28

Even for the same subject, the best feature types
change between different sessions. This is reasonable,
and this is why calibration is needed before a subject
uses a BCI system. Our results also show that PLV
feature cannot get the minimum error rate, which is
consistent with Li's results [33].

Table 2.The channel name, feature type and frequency range corresponding to the results in Table 1.

Session 1 ‘ Session 2 Session 3

Channel | Feature Fre(qHuze)ncy Channel | Feature Fre((lq_'usncy Channel | Feature Fre(qHuze)ncy
1 C3 Angle 15.4+-5.2 C3-Cz power 12.1+-3.4 C4-Cz Amp 6.8+-2
2| C3-C4 Freq 7.3+-2.3 C3-Cz Angle 19.5+-5.2 Cz imf 8.5+-2.5
3 C3-Cz imf 19.5+-5.8 C3-Cz power 4.2+-7.9 Cz power 6.9+-2.2
4 C4 power 10+-10.4 C4-Cz Freq 6.3+-1.9 C4-Cz imf 28.8+-11.2
51 C3-C4 Angle 10.3+-10.3 C4 Amp 20.5+-5. C3-Cz power 19.2+-5.3
6 Cz power 29.2+-14 Cz Amp 31.8+-12.1 C3-Cz Amp 18.9+-5.9

5. Discussions and Conclusions

In this paper, the instantaneous phase information
is investigated using MEMD decomposition and
Hilbert transforms for clench speed and clench force
motor imagery. We compared six feature types: the
amplitude of IMFs, the power of IMFs, the amplitude
of analytic signals, the instantaneous phase of
analytic signals, the instantaneous frequency of IMFs
and the PLV between two channels. The results show
that the best feature type changes between subjects
and sessions. This is reasonable because of the high
variability of EEG signals.

The mean minimum classification error rate
between clench speed and clench force motor
imagery is 0.30, which means that the motor
parameter imagery paradigm can be used in BCI
systems and may provide more precise control
commands for devices such as wheelchair and
prosthesis. The mean minimum error rate for three
trained subjects is 0.27, and the mean minimum error
rate for three un-trained subjects is 0.32, which
means that sufficient training is essential for a BCI
user to get better control results.

While most of BCI researchers pay attention to
time-spatial-frequency  features to  improve
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classification results, our results show that the
instantaneous phase can get better results for some
subjects in some sessions. Our research also shows
that the instantaneous phase is more suitable for BCI
applications, which is consistent with Li's
research [33].

In our future research, we will combine the EEG
and NIRS signal together, and investigate whether
the classification results can be improved by
optimum feature combinations.
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The Handbook of Laboratory Measurements and Instrumentation presents
experimental and laboratory activities with an approach as close as possible
to reality, even offering remote access to experiments, providing to the reader
an excellent tool for learning laboratory techniques and methodologies.
Book includes dozens videos, animations and simulations following each
of chapters. It makes the title very valued and different from existing books
on measurements and instrumentation.
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