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Abstract—Virtual Reality is a useful platform for BrainComputer Interface (BCI) users as it offers a relatively safe and
cost-effective way for BCI users to train and familiarize
themselves with using BCI in a virtual environment before using
it in a real-world scenario. Hence this paper presents a pilot
study of a virtual navigation task, where control signals from a
synchronous multi-class motor imagery-based BCI (MI-BCI) is
used by the subject to perform a navigation task in a 3D virtual
environment, from a first-person perspective displayed on the
computer screen. Preliminary results on one healthy subject
showed that the MI-BCI was able to distinguish between 4 classes
of motor imagery with an accuracy of about 67.5%, and the
subject was able to navigate through the virtual environment in
87 trials in contrast to a theoretical minimum of 74 trials. Results
from this study provide motivation to further investigate the
potential of the MI-BCI in a larger-scale study, with the
possibility of future clinical applications such as a training tool
for users in BCI-based rehabilitation and other assistive
technologies such as neural prosthetics or brain-controlled
wheelchairs.
Keywords—Filter Bank Common Spatial Pattern; Motor
Imagery; Virtual Navigation; Feedback

I.

INTRODUCTION

People with severe motor disabilities, such as amyotrophic
lateral sclerosis (ALS), brainstem stroke or spinal cord injuries,
face challenges in their activities of daily living as they cannot
engage in motor movements without assistance. Hence, the
Brain Computer Interface (BCI), which translates their brain
signals into a communication and control signal for external
devices, allows them to bypass the brain’s normal output
pathways of peripheral nerves and muscles [1]. In a noninvasive electroencephalogram (EEG)-based BCI, the EEG
exhibits different characteristics during different mental
activities, such as Motor Imagery [2-5], P300 [6], [7] or Steady
State Visual Evoked Potentials (SSVEP) [8], [9], which could
function as control signals for external assistive technology
devices such as virtual spellers to type words on the computer
screen, cursor control to play specially designed computer
games or even brain-controlled wheelchairs [10] to navigate
themselves in their surroundings. More recently, there have
even been efforts to target BCI for entertainment in interactive
gaming [11]. Hence, the BCI offers its users the opportunity to
communicate with or control the external world through these
specially designed hardware and software applications.

However, there are challenges to the use of BCI assistive
devices in real-world environments. For example, one key
concern for brain-controlled wheelchairs is safety, as it
transports a particularly vulnerable person [12]. Another
concern is the increased costs of conducting tests in real
environmental situations and complex procedures to optimize
the BCI parameters [13]. To address these concerns,
researchers have proposed the use of Virtual Reality (VR) as an
alternative training platform for BCI users. The skills acquired
while the subject is using BCI in a virtual environment (VE)
could then be transferred to the real-world environment [2]
Hence, VR provides an excellent training and testing
environment to perform safe and controlled experiments [14]
for subjects, particularly those who are BCI-naïve to
familiarize and train themselves. Concomitantly, researchers
can also observe how users would react while navigating in a
complex 3D environment using a BCI. Based on the feedback
received from the VR results, they can fine-tune parameters
and software design, before incurring expensive costs in
building and revising hardware prototypes.
In a previous study of augmented reality environment
visual feedback for the MI-BCI [15], subjects experienced the
interaction with 3D virtual hands, which have been
superimposed onto their real hands and displayed on the
computer monitor from a first person point-of-view. While
performing left-hand or right-hand motor imagery, the subjects
received continuous visual feedback from the MI-BCI in the
form of different degrees of reaching and grasping actions of
the corresponding 3D virtual hand with other virtual objects.
The results on 8 healthy subjects, using the two-class Filter
Bank Common Spatial Pattern (FBCSP) algorithm to process
the EEG data, showed that on average, around 74%
classification accuracy for left-hand and right-hand motor
imagery could be achieved. The results from this previous
study demonstrated the online performance of the two-class
MI-BCI. However certain applications such as cursor control or
wheelchair control require an increased number of command
actions where a multi-class BCI would be more feasible.
Hence, this motivates the investigation on the online
performance of the MI-BCI employing the One-versus-Rest
(OVR) multi-class extension of the FBCSP algorithm [16], [17]
which has shown to be as effective in offline performance
studies but has yet to be explored online.

METHODS

In this section, the experiment protocol for the study is
described. There are 3 experiment sessions. The first session is
a calibration session, where EEG data during motor imagery is
recorded and used to calibrate the FBCSP algorithm for
subsequent sessions. The second session is an online testing
session with a simple cue-based visual feedback for the subject
to familiarize himself operating the MI-BCI. Finally, in the
third session, the subject is instructed to perform the navigation
task in the 3D virtual environment. The following section
describes the methods employed in this study.
A. EEG Signal Processing using the Filter Bank Common
Spatial Pattern (FBCSP)
The Filter Bank Common Spatial Pattern (FBCSP)
algorithm and its One-Versus-Rest multi-class extension [16],
[17], [20] are employed in this study to process the EEG
signals. It has been shown to be effective on both 2-class and 4class motor imagery EEG data during the BCI Competition IV
[21] Dataset 2a and 2b, as competition results showed that the
FBCSP algorithm yielded the best offline classification
performance on the evaluation data compared to other
international submissions for both datasets. A brief description
of the FBCSP algorithm and its multi-class extension is
provided as follows:
The FBCSP algorithm comprises 4 stages that perform an
autonomous selection of subject-specific temporal-spatial
discriminative EEG characteristics for 2-class MI-BCI, shown
in Figure 1. The first stage of FBCSP performs frequency
filtering and artifact removal using a filter bank that
decomposes the EEG measurements into 9 pass-bands from 48Hz, 8-12Hz … 36-40Hz. Next, spatial filtering is performed
in the second stage by linearly transforming the EEG data
using the CSP algorithm [22] to the following feature vector
for the ith trial,
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Based on the findings and motivations discussed earlier,
this paper presents the results from a pilot study of a subject
employing a multi-class MI-BCI to perform a navigation task
in a 3D virtual environment. As part of a larger scale study on
the clinical applications of BCI in stroke rehabilitation [18] and
concentration training [19], this pilot study investigates the
performance of the multi-class MI-BCI and the use of VRbased online feedback as a motor imagery training tool. A 3D
maze is displayed from a first-person perspective on the
computer monitor while the subject navigates himself through
the maze to various designated locations by performing trialbased motor imagery. A synchronous multi-class motor
imagery BCI that employs the OVR multi-class extension of
the FBCSP algorithm, translates his left-hand, right-hand, foot
or tongue motor imagery to rotating anti-clockwise, rotating
clockwise, moving forward or stopping in the virtual
environment respectively. The performance of MI-BCI was
analyzed based on the cross-validation accuracies of the
calibration data; the subsequent online performance in the
number of trials required to complete the navigation task is also
reported.
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Figure 1 shows the architecture of the Filter Bank Common Spatial Pattern
(FBCSP) algorithm for 2-class motor imagery EEG data. MIBIF4 and NBPW
represent the Mutual Information Best Individual Feature and the Naïve Bayes
Parzen Window classifier respectively

The third stage performs feature selection of the extracted
features using the Mutual Information Best Individual
Features (MIBIF) algorithm. This algorithm selects the best
k=4 features sorted by mutual information with the class label
in descending order. Since CSP features are paired, the
corresponding CSP features which come in pairs with the
selected k features are also selected.
Finally, the fourth stage performs classification using the
Naïve Bayes Parzen Window (NBPW) Classifier and the
classification rule is given as
  arg max p  | x  ,
(2)
 1,2

where p(ω|x) denotes posterior probability of the class being
ω=1, 2, given the random trial x   x1 , x2 , xd  and d denotes
the number of selected features from the third stage.
For more details on the FBCSP algorithm, readers are
invited to refer to [16], [17], [20].
B. One-Versus-Rest (OVR) Multi-class Extension of FBCSP
The One-Versus-Rest (OVR) multi-class extension
decomposes the multi-class problem into several two-class
problems, where CSP features are computed to discriminate
each class from all the other classes. As the OVR approach
employs multiple NBPW binary classifiers, 4 OVR classifiers
are required for a 4-class MI-BCI. The classification rule of
the classifier is extended from (2) to
  arg max pOVR  | x  ,
(3)
 1,2,3,4

where pOVR  | x  is the probability of classifying x between

=1,2,3,4 and ={1,2,3,4}’;\; and \ denotes the set theoretic
difference operation.
C. Data Acquisition
The EEG data from 4 classes of motor imagery (left-hand,
right-hand, foot and tongue) was collected from 1 healthy male
subject. The EEG data was recorded using 25 electrodes placed
around the sensorimotor cortex area using the Neuroscan
Quikcap with a sampling rate of 250Hz. EEG recordings from
all channels are bandpass filtered from 0.05 to 40 Hz by the

acquisition hardware. The subject was instructed to minimize
physical movement and eye blinking throughout the EEG
recording process.
D. Motor Imagery Calibration Session
During this session, the subject performed 320 trials of
motor imagery (80 trials of left-hand, 80 trials of right-hand, 80
trials of foot and 80 trials of tongue). The protocol for each trial
is shown in Figure 2. At the start of each trial, a fixation cross
is displayed on the screen for 1s. Next, a visual cue instructed
the subject to perform either left-hand, right-hand, foot or
tongue motor imagery for 5s, followed by a break period
lasting 4s before the start of the next trial. Hence, each trial
lasted approximately 11s. Based on the studies conducted in
[16], [17], [20], the EEG time segment 0.5 to 2.5s after the
onset of the visual cue is used to calibrate the FBCSP
algorithm. The calibrated FBCSP algorithm is then employed
in the subsequent testing session and navigation session.

AWAY3D engine. The virtual environment is a 3D maze
which comprises of targets the subject must navigate himself
to. The actual 3D virtual environment that the subject views is
shown in Figure 4, Figure 5 and Figure 6, where it shows how
the subject moves forward towards a designated target in the
virtual environment. The top-down layout of the maze is also
placed at the bottom of the screen, to function as a mini-map
for the subject as he navigates himself through the virtual
environment.

mini-map

Figure 4: the subject views the 3D environment from a first-person
perspective. The layout of the maze is displayed at the bottom of the screen as
a mini-map.
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Figure 2 shows the protocol for each trial during the initial training session.
The onset of the visual cue is denoted as the reference time point of 0s. The
cue indicates which of the 4 classes of motor imagery to perform in this trial.
The EEG time segment 0.5 to 2.5s after the onset of the visual cue is then used
to calibrate the FBCSP algorithm

E. Motor Imagery Testing Session with Visual Feedback
In the 2nd session, the subject performed 80 trials of motor
imagery (20 trials of left-hand, 20 trials of right-hand, 20 trials
of foot and 20 trials of tongue), as instructed by the visual cue.
The presentation of the cue is similar to the calibration session,
with the exception of an additional visual feedback shown
during the break period. The protocol for each trial is shown in
Figure 3. The visual feedback displays a smiley face if the EEG
data is classified correctly according to the instructed class of
motor imagery to perform.

Figure 5: The subject navigates himself towards one of the designated targets,
by performing foot motor imagery to move forward in the direction he is
facing

Figure 6: Once the subject reaches the designated target, a short description of
the target is shown.
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Figure 3 shows the protocol for each trial during the training session with
visual feedback. The online of the visual cue is denoted as the reference time
point of 0s.

F. Navigation in 3D Virtual Environment Session
In the 3rd session, the subject performs the navigation task
in a 3D virtual environment. The virtual environment is
developed using Adobe Actionscript 3.0 and the open source

The top-down layout of the maze is shown in Figure 7. It
employs a square tile-based engine, where the blue tiles
represent the paths that the subject could walk on while the red
and gray tiles represent the walls of the maze. The subject is
instructed to navigate himself from the starting position at the
center of Tile A to the targets represented by Tiles B to F and
finally to the ending position at Tile G.
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Figure 7: shows the top-down view of the virtual environment. The maze is a
grid of square tiles. The blue tiles represent the walkable path inside the maze.
The red and gray square tiles represent the walls of the maze. Tile A
represents the starting point for the subject. Tiles B to G represent the targets
which the subject must navigate to. The navigation task concludes once the
subject reaches the exit represented by Tile G

The navigation task employs a trial-based protocol similar
to the calibration session and online testing session. During
each trial, a visual cue in the form of written instructions
instructs the subject to perform motor imagery for the next 5s.
However, unlike the previous calibration and testing session,
the subject independently decides the class of motor imagery
(left-hand, right-hand, foot or tongue) to perform when cued.
During the inter-trial break of 5s, the MI-BCI will translate the
predicted class of motor imagery into the following actions
inside the virtual environment as described in Table I. Figure 8
also shows, from the top-down view of the virtual environment,
how the moving forward action is carried out. Performing foot
motor imagery translates to moving forward along the current
direction he is facing in the virtual environment. Hence, the
subject moves from the center of a tile to another when foot
motor imagery is detected. However, if the subject is already
facing a wall, a moving forward action will be ignored. Figure
9 also shows how right-hand motor imagery will result in a
rotation of 90 degrees clockwise based on the top-down view
of the virtual environment.
TABLE I: TRANSLATION OF PREDICTED CLASSES OF MOTOR IMAGERY TO
NAVIGATION ACTIONS IN THE 3D VIRTUAL ENVIRONMENT
Class of Motor Imagery
Left-hand
Right-hand
Foot
Tongue

Navigation Action
Rotate 90 degrees anti-clockwise
Rotate 90 degrees clockwise
Move forward by the length of 1 tile
Stop / No movement

Figure 9: illustration of how rotation takes place from the top-down view of
the virtual environment. The subject is represented by the gray icon. The
pointed end of the icon represents the direction he is facing currently. If righthand motor imagery is detected, the BCI will rotate 90 degrees to his right.
The BCI will rotate 90 degrees to his left if left-hand motor imagery is detecte
instead (not shown)

III.

EXPERIMENT RESULTS AND DISCUSSION

The OVR multi-class extension to the FBCSP algorithm
was evaluated using 10×10-fold cross-validation on the 320
trials of EEG data collected during the calibration session, as
well as session-to-session transfer from the calibration session
onto the 40 trials of the testing session. The 10×10-fold crossvalidation classification accuracy was 72.8%, while the
session-to-session transfer classification accuracy was 67.5%.
The session-to-session transfer classification accuracy result
obtained for this subject is similar to the average session-tosession transfer classification results of around 67.7% or a
Kappa value [23] of 0.57 as previously reported on the results
obtained on the 9 subjects’ data from the BCI Competition IV
Dataset 2a [17].The confusion matrix of the session-to-session
transfer classification results is presented in Table II. Although
the subject had prior experience with left-hand or right-hand
motor imagery, the performance in classifying foot motor
imagery trials is relatively comparable to the left-hand and
right-hand motor imagery trials.
For the navigation session, the path taken by the subject is
shown in Figure 10. The performance of foot motor imagery
was important in the navigation task as it emphasized on
moving forward to the various designated targets. The
navigation task would require a minimum of 74 trials to
complete all objectives and the subject took 87 trials to
complete the tasks, which was about 17.6% longer than
expected. The breakdown in the predicted classes of motor
imagery is as follows: 19 trials of left-hand motor imagery, 10
trials of right-hand motor imagery, 52 trials of foot motor
imagery and 6 trials of tongue motor imagery.
TABLE II: CONFUSION MATRIX OF THE SESSION-TO-SESSION TRANSFER
CLASSIFICATION FROM CALIBRATION SESSION TO TESTING SESSION. THERE
ARE 80 TRIALS IN TOTAL, DIVIDED EQUALLY AMONG THE 4 CLASSES
Predicted Class

subject

Figure 8: illustration of how moving forward takes place from the top-down
view of the virtual environment. The subject is represented by the gray icon.
The pointed end of the icon represents the direction he is facing currently. If
foot motor imagery is detected, he moves along the direction he is facing by 1
tile i.e. from the center of 1 tile to another.
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Figure 10: Path (line in dark blue) taken by the subject

With regards to the user experience, the subject experienced
frustration at times when the predicted class of motor imagery
was not the desired action. For example, upon reaching a
junction, the subject wanted to turn right and move in that
direction. Ideally only 1 trial of right-hand motor imagery was
required to perform a rotation of 90 degrees to the right in the
virtual environment. However, as left-hand and right-hand
motor imageries are misclassified as the other as shown in the
confusion matrix in Table II, the subject had to perform 3 trials
of left-hand motor imagery in order to face the correct direction
instead.
Although it was tiring having to perform motor imagery for
an extended period, the subject found the navigation task in the
virtual environment more engaging and motivating than the
testing session which only displayed a simple smiley visual
feedback. The importance of motivation has been discussed in
a study [24], where motivated subjects had a better BCI
performance. Furthermore, rehabilitation professionals believe
that patient motivation plays an important role in determining
rehabilitation outcome in the restoration of motor control [25].
For the virtual environment to be employed as a training tool
for real-world applications such as BCI-based stroke
rehabilitation [18] and other assistive technologies, the design
of the visual feedback needs to be engaging and motivational
for the subject. Thus, qualitative feedback from a larger pool of
subjects would be desirable in future work to further improve
the virtual environment in design and control strategies.
The existing MI-BCI paradigm employing the FBCSP
algorithm relies on a synchronous mechanism, where the
subject is cued by the MI-BCI to perform motor imagery. An
asynchronous mechanism which has been investigated in other
studies [2], [14], [26], [27], has yet to be explored in this
current work. In an asynchronous BCI, the subject operates the
BCI based on his own intention and is not restricted to the cuebased structure of the synchronous BCI. However, this would
require an extensive investigation of the algorithm’s
performance in an asynchronous MI-BCI as well as changes in
control strategies which is beyond the scope of this work.
IV.

CONCLUSION

This paper presented the preliminary results from a pilot
study of a navigation task in a virtual environment using a

Multi-class Motor Imagery-based Brain Computer Interface
(MI-BCI) which translates left-hand, right-hand, foot and
tongue motor imageries to rotating anti-clockwise, rotating
clockwise, moving forward and stopping respectively inside a
3D maze. The study was performed on a subject with prior
experience on performing left-hand and right-hand motor
imagery. The navigation through the virtual maze involved foot
motor imagery extensively as moving forward was the primary
action. Although the subject had no prior experience
performing foot motor imagery, he could navigate through the
virtual environment and accomplish the given task.
The results also showed that the MI-BCI employing the
One-Versus-Rest multi-class extension to the FBCSP algorithm
could be employed online, as its online performance is similar
to the offline results obtained during the BCI Competition
Dataset 2a. Future work will investigate the online performance
of the multi-class MI-BCI in larger-scale studies. Furthermore,
more work is required to improve the usability of the system in
terms of control strategies such as an asynchronous mode to
detect the onset of motor imagery. Nonetheless, with this
developed platform, it provides a baseline in which more
complicated and visually appealing forms of feedback that
could be presented to engage and motivate the BCI users
during motor imagery training for real-world applications such
as BCI-based rehabilitation or other assistive technologies.
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