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Abstract To date, most EEG-based brain–computer
interface (BCI) studies have focused only on enhancing
BCI performance in such areas as classification accuracy
and information transfer rate. In practice, however, test–
retest reliability of the developed BCI systems must also be
considered for use in long-term, daily life applications. One
factor that can affect the reliability of BCI systems is the
slight displacement of EEG electrode locations that often
occurs due to the removal and reattachment of recording
electrodes. The aim of this study was to evaluate and
compare various feature extraction methods for motorimagery-based BCI in terms of robustness to slight changes
in electrode locations. To this end, EEG signals were
recorded from three reference electrodes (Fz, C3, and C4)
and from six additional electrodes located close to the
reference electrodes with a 1-cm inter-electrode distance.
Eight healthy participants underwent 180 trials of left- and
right-hand motor imagery tasks. The performance of four
different feature extraction methods [power spectral density (PSD), phase locking value (PLV), a combination of
PSD and PLV, and cross-correlation (CC)] were evaluated
using five-fold cross-validation and linear discriminant
analysis, in terms of robustness to electrode location
changes as well as regarding absolute classification
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accuracy. The quantitative evaluation results demonstrated
that the use of either PSD- or CC-based features led to
higher classification accuracy than the use of PLV-based
features, while PSD-based features showed much higher
sensitivity to changes in EEG electrode location than
CC- or PLV-based features. Our results suggest that CC
can be used as a promising feature extraction method in
motor-imagery-based BCI studies, since it provides high
classification accuracy along with being little affected by
slight changes in the EEG electrode locations.
Keywords Brain–computer interface (BCI) 
Electroencephalography (EEG)  Electrode-location
robustness (ELR), cross-correlation (CC)  Power spectral
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1 Introduction
Brain–computer interface [BCI or brain–machine interface
(BMI)] is an emerging technology that provides the disabled with a new output pathway through which they can
communicate with the outside world [37]. BCI translates
neural signals into specific commands for use in various
daily life applications, such as wheelchair or robotic arm
controllers and mental spellers [2, 8, 19, 27, 29]. Over the
past few decades, BCI has been actively studied using a
variety of neural signal recording modalities, such as
electroencephalography (EEG) [14, 23], microelectrode
arrays (MEAs) [20], electrocorticography (ECoG) [30],
functional magnetic resonance imaging (fMRI) [36], and
near-infrared spectroscopy (NIRS) [9]. Among these
modalities, EEG-based BCI has been most widely studied
due to its non-invasiveness and reasonable cost [6, 12, 18,
25, 27, 30]. Diverse types of brain electrical activities have
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been used to materialize EEG-based BCI systems, e.g.,
sensorimotor rhythm [3, 7, 25], slow cortical potential [2],
event-related p300 [1, 13], and steady-state visual evoked
potential [21].
One of the most widely studied EEG-based BCI paradigms is the motor-imagery-based BCI. Motor imagery (MI)
is defined as an imagining of kinesthetic movements, and it
is well known to modulate sensorimotor rhythm around the
motor cortex in the same way that actual motor execution
does [31, 34]. In particular, event-related desynchronization
(ERD) and event-related synchronization (ERS) of sensorimotor rhythm have been adopted as useful features for
classifying different MI tasks [22, 24, 26, 27, 34]. The most
commonly used feature is a time–frequency feature generally denoted as the power spectral density (PSD) feature
[18]. Recently, phase locking value (PLV), a metric to
measure functional connectivity between two neural signals,
was introduced as a new promising feature for the MI-based
BCI. A series of recent studies [5, 11] have demonstrated
that PLV-based features can enhance the overall performance of MI-based BCI, especially when they are combined
with conventional PSD features.
To date, most MI-based BCI studies have focused on
enhancing classification accuracy and information transfer
rate (ITR) [22, 24, 26, 27, 30]. Although detecting users’
intentions with high classification accuracy is the primary
goal, the (test–retest) reliability of the developed BCI
system should also be high, so that the system can be
employed in long-term, daily use applications. One
important factor that can influence the reliability of a BCI
system is its sensitivity to slight changes in the electrode
locations, which are generally inevitable because it is difficult to attach EEG electrodes at exactly the same scalp
location each time. Indeed, some previous studies have
reported changes in the patterns of brain sensorimotor
rhythms due to variations in the electrode locations, which
can degrade BCI performance in sessions performed on
different days [10, 28, 38]. However, while various feature
extraction methods have been adopted to enhance the
performance of MI-based BCI systems, no studies have yet
investigated which feature is most robust to slight changes
in electrode positions.
The goal of the present study was to discover an optimal
feature extraction method that minimizes variations in
classification accuracy due to slight changes in electrode
positions while maintaining high classification accuracy.
To this end, EEG signals were acquired from eight participants while they were performing kinesthetic motor
imagery of their left and right hands. The EEG signals were
acquired from three electrodes attached at Fz, C3, and C4,
and from six electrodes around C3 and C4 at a 1-cm distance from C3 or C4. We evaluated four different feature
extraction methods, PSD, PLV, a combination of PSD and
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PLV, and cross-correlation (CC), in terms of both the
robustness to slight changes in electrode positions and the
classification accuracy.

2 Method
2.1 Participants
Eight healthy BCI-naive volunteers (6 males and 2 females,
aged 19–30 years) took part in this study. None had any
history of neurological, psychiatric, or other disease that
might affect the experimental results. Before the experiment, a detailed explanation of the experimental procedures was given to each participant, and all participants
signed a written consent. The participants received monetary reimbursement for their participation after the experiment. The study protocol was reviewed and approved by
the Institutional Review Board (IRB) of Hanyang University, Korea.
2.2 Experimental paradigm
Figure 1 shows the overall experimental procedure, which
was identical to that of our previous study reported in [14].
At the beginning of each trial, a blank screen with gray
(RGB: 132, 132, 132) background was presented for 3.0 s,
and then a circle with a black-and-white checkerboard
pattern appeared randomly on either the left or right side of
the screen for the next 0.25 s to indicate which hand
movement the participant was directed to imagine. Then,
after a 1.0-s preparation time (blank screen), a letter X
appeared at the center of the screen for 0.25 s to signal the
participant to start performing the previously indicated leftor right-hand MI for the next 5.0 s. This procedure was

Fig. 1 The experimental paradigm used for the EEG recording. First,
a blank screen was presented for 3.0 s, after which a circle with a
black-and-white checkerboard pattern appeared randomly on either
the left or right side of the screen for the next 0.25 s, indicating which
hand movement the participant was to imagine. After a 1.0-s
preparation time, the letter X appeared at the center of the screen
for 0.25 s as a signal to start performing either left- or right-hand
motor imagery. The time period used for the analyses (5.0 s) is
marked on the illustration
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repeated 180 times, that is, the right- and left-hand MI were
each performed 90 times.
2.3 EEG data acquisition
The EEG signals were acquired at nine electrode locations
using a multi-channel EEG acquisition system (WEEG-32,
Laxtha Inc., Daejeon, Korea). Three electrodes were
attached at Fz, C3, and C4 on the participants’ scalp
according to the international 10–20 system, because it has
been well documented that distinct brain activities associated with MI can be obtained using these electrode sites
[22, 25, 27]. To investigate variations in classification
accuracy caused by slight changes in the electrode positions, six additional electrodes were attached around the C3
or C4 positions, as closely as possible (the distance
between C3 or C4 and each adjacent electrode was set to
1 cm). The electrode locations used in this study are
illustrated schematically in Fig. 2. The recorded EEG signals were bandpass-filtered by an anti-aliasing filter with
0.7 and 50 Hz cutoffs, and then converted into digital
signals with a sampling rate of 512 Hz. The ground and
reference electrodes were attached on the left and right
mastoids, respectively.
2.4 EEG data analysis
As briefly mentioned in the introduction section, PSD
features have been used most frequently in motor-imagerybased BCI research, and PLV features have been proposed
to increase classification performance of motor-imagerybased BCI systems. Most recently, some BCI studies
showed the possibility that CC-based features can be
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utilized as one of the useful feature types in discriminating
different motor imagery tasks [32, 33]. Since the main goal
of this study was to find an optimal feature type that shows
stable and high classification performance regardless of
slight changes in electrode positions, we used all the
mentioned three feature types and thereby constructed four
different kinds of feature sets, i.e., PSD, PVL, a combination of PSD and PLV, and CC.
For the feature extraction, the 5.0-s time epoch marked
in Fig. 1 was extracted for each trial. The raw EEG signals
were bandpass-filtered at 8–30 Hz cutoffs, to include the
mu and beta bands that are known to be closely related to
MI tasks [14].
PSD features were evaluated using fast Fourier transformation (FFT) at 23 frequency bands evenly divided with
frequency spans of 1 Hz [14]. The PSD features were
evaluated not only for the original electrode locations (Fz,
C3, and C4), but also for the six additional electrode
locations (C3a, C3l, C3p, C4a, C4l, and C4p). The
dimension of the constructed feature vector was 180 (90
trials for each hand’s MI) by 23 (23 frequency bins) for
each channel signal of each trial.
PLV features [5, 11, 17] were also extracted for all
possible combinations of electrode pairs (C3-Fz, C4-Fz,
C3-C4, C3a-Fz, C3a-C4, C3l-Fz, C3l-C4, C3p-Fz,
C3p-C4, C4a-Fz, C4a-C3, C4l-Fz, C4l-C3, C4p-Fz, and
C4p-C3). In order to quantify the degree of phase synchrony between two signals, Sx ðtÞ and Sy ðtÞ, we computed
the instantaneous phases ux ðtÞ and uy ðtÞ using the Hilbert
transform. The Hilbert transform of SðtÞ is defined as
Z1

1
SðsÞ
ds
ð1Þ
S ðtÞ ¼ P:V:
p
ts
1



where, S ðtÞ is the Hilbert transform of the time series SðtÞ,
and P:V: denotes the Cauchy principal value. The
instantaneous phase uðtÞ can then be estimated as


uðtÞ ¼ arctan

S ðtÞ
SðtÞ

ð2Þ

The PLV was evaluated using the following definition:
D
E


PLV ¼  ejDuðtÞ 
ð3Þ

Fig. 2 EEG electrode locations used in our experiments. Locations
C3, C4, and Fz were used for the training set, and six other electrodes
were attached around C3 or C4 locations to acquire datasets for
testing robustness to slight changes in electrode locations. The
characters a, l, and p in the channel names represent anterior, lateral,
and posterior, respectively

where, DuðtÞ ¼ ux ðtÞ  uy ðtÞ, and jhij is the averaging
operator. When estimating PLV features, we used the
identical frequency band and time window used for
extracting the PSD features. To construct the feature set
consisting of both PSD and PLV features, we simply
combined the extracted PLV features with the PSD features.
To extract the CC features, Fz was selected as the reference channel because the EEG signals recorded at Fz are
less affected by the left- and right-hand MI than those
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recorded at C3 and C4. In order to extract the CC features
associated with the left-hand MI task, EEG signals recorded at C3 and C4 were cross-correlated with the reference
EEG signal at Fz, resulting in two CC sequences for C3 and
C4 (see Fig. 4 depicting some examples of the CC
sequences). Six statistical features (mean, standard deviation, skewness, kurtosis, and maximum and minimum
values) were then extracted from each CC sequence to
characterize the distribution of CC sequences as well as to
reduce the dimensions of the feature vector [32, 33]. The
same procedure was repeated for each trial of right-hand
MI. For more detailed description of the process, please
refer to the previous literatures [32, 33].
The best feature subsets for each feature vector were
selected using a sequential feature selection (SFS) algorithm [15], with the number of selected features limited to
10 to avoid over-fitting of the training data. As some BCI
studies reported that a linear discriminant analysis (LDA)
algorithm showed high and stable classification performance as compared to other classification methods used in
motor-imagery-based BCI research [4, 35], we used the
LDA algorithm in this study. A five-fold cross-validation
method was used to avoid biases in estimating classification accuracy. For each of the five cross-validation processes, we used training data (4/5 of all trials) obtained
from one dataset (Fz, C3, C4), and we used test data
(remaining 1/5 trials) from seven different test datasets (Fz,
C3, C4), (Fz, C3a, C4), (Fz, C3l, C4), (Fz, C3p, C4), (Fz,
C3, C4a), (Fz, C3, C4l), and (Fz, C3, C4p), to investigate
variations in classification accuracy related to changes in
the electrode locations.
2.5 An index to quantify robustness to electrode
location changes: ELR
To quantify variations in classification accuracy due to
slight changes in the electrode locations, we introduced a

new index, the electrode location robustness (ELR) metric.
The ELR was defined as
ELR ¼

1 X
jCAFz;C3;C4 CAFz;i;j j;
6 ði;jÞ

ði; jÞ ¼ ðC3a; C4Þ; ðC3l; C4Þ; ðC3p; C4Þ; ðC3; C4aÞ;

ð4Þ

ðC3; C4lÞ; and ðC3; C4pÞ;
where CAFz,i,j represents the classification accuracy estimated from five-fold cross-validation when EEG signals
recorded from three electrodes, Fz, i, and j, are used for the
test dataset. For example, in Table 1, the ELR value can be
simply evaluated by averaging absolute differences
between first row (Fz, C3, C4) and each of the other six
rows. An ELR value of zero would indicate that classification accuracy is not at all affected by changes in the
electrode locations, while a high ELR value would indicate
that slight changes in the electrode locations strongly
influence classification accuracy. Therefore, the ELR can
directly quantify variations of classification accuracy
caused by slight changes in the electrode locations.

3 Results
Table 1 shows the average classification accuracy evaluated for four different feature extraction methods. The
classification accuracies for PSD feature sets were relatively higher than those for PLV feature sets, in all electrode combinations. Meanwhile, simultaneous use of both
PSD and PLV features led to higher classification accuracies than with PSD alone. These results are in line with
previous MI-based BCI studies [5, 11], in which the performances of PSD, PLV, and PSD ? PLV features were
compared in terms of classification accuracy. Results also
show that the classification accuracy using CC features was
higher than with any of the other three methods, regardless

Table 1 Classification accuracy averaged over all participants
Electrode combination of test dataset

Average classification accuracy (%) (standard deviation)
PSD

PLV

PSD ? PLV

CC

Fz, C3, C4

82.70 (7.66)

67.36 (12.60)

83.49 (7.11)

89.20 (6.24)

Fz, C3, C4a

83.33 (6.08)

67.51 (11.84)

85.62 (5.05)

86.77 (10.76)

Fz, C3, C4l

82.98 (5.28)

68.68 (12.08)

85.76 (5.20)

87.84 (8.73)

Fz, C3, C4p

81.94 (6.09)

67.84 (11.08)

84.93 (4.31)

88.54 (8.23)

Fz, C3a, C4

79.30 (5.28)

66.73 (10.46)

80.69 (6.66)

89.00 (5.87)

Fz, C3l, C4

75.76 (6.87)

68.05 (13.20)

79.23 (9.44)

87.99 (6.98)

Fz, C3p, C4

76.52 (6.10)

67.29 (11.36)

78.75 (9.58)

87.47 (5.48)

For each five-fold cross validation, a training dataset (4/5 of all trials) was obtained from the (Fz, C3, C4) combination, and seven different test
datasets (remaining 1/5 trials) obtained from (Fz, C3, C4), (Fz, C3a, C4), (Fz, C3l, C4), (Fz, C3p, C4), (Fz, C3, C4a), (Fz, C3, C4l), and (Fz, C3,
C4p) were tested
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of the electrode locations, which is also consistent with
results reported previously [32, 33].
Table 2 summarizes the ELR values of all participants. It
can be observed from the table that CC and PLV features
are relatively less affected by slight changes in the electrode
locations than the other two features. Statistical testing
(RM-ANOVA) results also confirmed significant difference
between PSD-based features and CC/PLV-based features
[RM-ANOVA: F(3, 21) = 4.63, p = 0.0123; post hoc

Table 2 Electrode location robustness (ELR) metric of all
participants
Electrode location robustness (ELR) metric
Subject
no.

Feature extraction methods

S1

2.685

2.126

5.00

2.13

S2

5.65

2.85

6.66

2.15

S3

8.98

2.86

6.94

1.47

S4

15.92

2.87

2.22

3.5

S5

2.963

1.76

2.68

2.68

S6

6.11

4.075

2.68

4.1

S7

4.258

1.39

3.88

3.37

S8

6.018

2.4

6.35

3.17

Average

6.57 (4.277)

2.54 (0.827)

4.55 (1.944)

2.82 (0.870)

PSD

PLV

PSD ? PLV

CC

Lower ELR values indicate that the classification accuracy is less
affected by slight changes in the electrode locations

analysis (paired t test): PSD = PSD ? PLV [ PLV = CC,
corrected p \ 0.01]. To confirm these results more intuitively, the classification accuracy and ELR values of each
participant are illustrated in Fig. 3. The figure clearly shows
that the CC features outperform the other three kinds of
features in terms of classification accuracy. CC features
show similar ELR distributions to PLV features, but CC
features show much better classification performance than
PLV features.
Figure 4 shows examples of cross-correlation sequences
of two participants (subjects 4 and 5) evaluated between
four electrodes (C3, C3a, C3l, and C3p) and a reference
electrode (Fz). The cross-correlation sequences for the leftand right-hand MI showed very clear differences in shape,
leading to high accuracy in classifying the two different MI
tasks. It can also be clearly observed from the figures that
the overall shapes of the cross-correlation sequences are
not changed much by the slight changes in the electrode
locations, which ultimately led to small ELR values in our
results.
Figure 5 shows examples of PSD results of two participants (subjects 4 and 5) evaluated at four electrodes (C4,
C4a, C4l, and C4p). The PSD values for the left- and righthand MI showed clear differences around the mu rhythm
(8–12 Hz), as has been frequently reported in the literature
[22, 24, 26, 27, 30]. In contrast to the CC plots in Fig. 4,
however, the PSD values within the mu frequency band
significantly varied with changes in the electrode locations,
leading to the high ELR values in our analysis results.

Fig. 3 Classification accuracy (left part of each plot) and ELR (right part of each plot) distributions of all participants
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Fig. 4 Examples of crosscorrelation sequences for two
participants (subjects 4 and 5)
evaluated between four
electrodes (C3, C3a, C3l, and
C3p) and a reference electrode
(Fz). ‘‘LEFT hand’’ and
‘‘RIGHT hand’’ indicate leftand right-hand motor imagery,
respectively

Figure 6 depicts examples of PLV results of two participants (subject 4 and 5) estimated between four electrodes (C4, C4a, C4l, and C4p) and a reference electrode
(Fz). The distributions of the PLV values for the left- and
right-hand MI were very similar in all frequencies
(8–30 Hz), thereby leading to relatively low classification
performance as compared to the other three feature sets.
However, as similar to the CC plots in Fig. 4, the PLV
values were less affected by slight changes in electrode
positions, which resulted in small ELR values as presented
in Table 2.

4 Discussion
Since it is difficult in practice to permanently affix EEG
electrodes on an individual’s scalp, there are inevitably
subtle changes in the electrode locations after removing and
reattaching them. In the current study, various feature
extraction methods were evaluated in terms of robustness to
electrode location changes. To our knowledge, no previous
study has attempted to quantitatively evaluate the variations
in classification accuracy caused by slight changes in the
electrode locations. To date, the vast majority of MI-based
BCI systems have relied on features derived from band
PSD evaluation. Recently, features derived from PLV calculations have shown improved classification accuracy
when combined with those extracted from PSD evaluation.
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Our analyses of EEG datasets acquired from eight participants demonstrated that CC features provided better BCI
performances in terms of both electrode location robustness
and classification accuracy than the other feature extraction
methods: PSD, PLV, and their combination. According to a
previous study [32, 33], techniques using CC features can
diminish noises effectively thanks to the characteristics of
signal periodicity, and they are also free from loss of
information resulting from frequency domain transformation. Our results further suggest that CC should be considered as a new promising feature in future MI-based BCI
studies.
One of the main findings in our study was the confirmation that PLV and CC features were less affected by
slight changes in the electrode locations than were PSD
features, as expected. When an electrode location is moved
in a certain direction, the magnitude of the spectral power
changes accordingly, leading to changes in classification
accuracy when using PSD-based features. Indeed, PSD
values around the mu band (8–12 Hz) fluctuated significantly according to changes in electrode locations, as
shown in Fig. 5. In contrast, CC features are not affected
by simple scaling of signal amplitude as shown in Fig. 4.
According to Lachaux et al.’s study [17], PLV features can
be influenced by changes in electrode locations, but the
absolute PLV values are linearly changed with respect to
the distance between two electrodes. In our study, we could
also observe this characteristic from Fig. 6, in which PLV
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Fig. 5 Examples of power
spectral density (PSD) results
for two participants (subjects 4
and 5) evaluated at four
electrodes (C4, C4a, C4l, and
C4p). ‘‘LEFT hand’’ and
‘‘RIGHT hand’’ indicate leftand right-hand motor imagery,
respectively

values were almost linearly changed when electrode positions were moved from an original position (C4). Since the
neural electrical source of MI is generally restricted to the
sensorimotor cortex, slight displacement of an electrode
rarely affects the characteristics of phase information and
signal waveform of a signal, thereby resulting in relatively
little degradation of classification accuracy when using
PLV and CC features. Although 1 cm displacement of
electrode locations is thought to be sufficiently large in
practical cases, investigations on the changes in three
feature sets due to the electrode location shifts larger than
1 cm would be an interesting future research topic.
Our experiments have a few limitations. In our study,
certain EEG electrodes were attached at scalp locations
1 cm away from C3 or C4 locations. We chose 1 cm as

the inter-electrode distance because the disk-type electrodes used in our study had radii of 0.3 cm, and a sufficient distance between two adjacent electrodes was needed
to prevent them from being electrically connected. In
addition, we assumed the Fz electrode was not displaced,
because the Fz location can be relatively accurately
determined since it is on the midline. Our experiments
were restricted to only motor imagery tasks, and our
investigation needs to be extended to other types of mental
imagery tasks used for implementing BCI systems, such as
mental arithmetic, internal singing, mental word composition, and so on. In the present study, we only evaluated
the effect of EEG electrodes displacement on classification
accuracy, but we did not address test–retest reliability of
the BCI approach, which is an interesting topic for future
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Fig. 6 Examples of phase
locking value (PLV) results for
two participants (subject 4 and
5) evaluated between four
electrodes (C4, C4a, C4l, and
C4p) and a reference electrode
(Fz). ‘‘LEFT hand’’ and
‘‘RIGHT hand’’ indicate leftand right-hand motor imagery,
respectively

explorations. In future studies, we will continue evaluating
various feature extraction methods by performing longitudinal experimental studies focused on test–retest
reliability.
In cases when a relatively larger number of electrodes
are used for a BCI system, feature vectors extracted from
source space [16] are less likely to be affected by the slight
changes in electrode locations, compared to those extracted
from sensor space. Therefore, investigating the robustness
to electrode position shift of methods that do not work on
sensor space features would be an interesting topic of
future research.
5 Conclusion
In this study, we investigated four different kinds of features to find the best feature type showing consistent and
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high classification accuracy regardless of slight changes in
electrode positions. The use of PSD-based features resulted
in high classification accuracy, but showed high sensitivity
to changes in the electrode locations. The use of PLVbased features showed almost opposite results to those
attained using the PSD-based features. On the other hand,
CC-based features provided high classification accuracy
comparable to PSD features with being least affected by
slight changes in the electrode locations. Our results suggest that CC can be used as a promising feature extraction
method in motor-imagery-based BCI studies.
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