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Abstract—Brain-computer interfaces (BCI) have been shown Using HMD for stimulus display is not without its problems,
as a powerful way to provide communication without motor however. While it has the advantage of allowing the user to
actions. However, they are currently limited by their methodology keep track of his surroundings while looking at stimulus, the

and user aptitude. Motor imagery (MI) based BClIs require . . S .
lenghthy training sessions to be effectively used, while Steadynumber of stimulus available for use is limited by the field of

state visual evoked potential (SSVEP) based BCls are limited in VIEW. There is also the problem of head movements creating
number of classes by the refresh rate of the display monitor noise that might interfere with classifications. Previous works
and visual space. By employing both MI and SSVEP-based that have looked into using HMD for use in BCI showed

BCls in tandem with an augmented reality device, we designed 5t small movements did not significantly affect classification
a new asynchronous hybrid AR-BCI system for navigation of results [7], [10]

quadcopter flight. The use of hybrid BCI allowed us to reduce
training time required for motor imagery based BCls and
increase number of total classes that can be used without need
for extra visual clutter. This allows use of AR device to display There have been different approaches to applying BCI to
SSVEP stimulus, which lets users to freely look around while manipulate a quadcopter. LaFleur et al. showed control of

maintaining mental control over the quadcopter. . ) - .
Index Terms—Brain-computer interface (BCl), Hybrid BCI, guadcopter in three-dimensional space with reduced control

Augmented Reality (AR), steady-state visual evoked potential SCheme through Mi-based BCI. [1] This required several

(SSVEP), motor imagery (MI), quadcopter lengthy training sessions over which dimensional control was
tested and increased. Another work employed a hybrid EEG-
I. INTRODUCTION NIRS BCI, where both paradigms were used to increase

accuracy in classification of forward movements [12]. Wang

Brain-computer interfaces (BCI) allows direct communis L d d licat f ; based
cation between the brain and a computer without expli al. demonstrated application of HMD for SSVEP base

motor actions. Using electroencephalograms (EEG) allogs! C_ontrol of quadcopter [10]'_ Using HTC VIVE along with

non-invasive measurement of brain activity with high temporgTotlv EPOC for EEG collection, they demonstrated use of
resolution, making it ideal to be used in asynchronous, redrtua! reality device with 4 SSVEP stimulus on the edges
time control. This allows BCls to be used by motor-impaire§ field of view, each mapping to up, down, forward and

patients for many different tasks, such as spelling tasks arr'@ht'tum directions. On the HMD display, they showed the

controlling real objects like robot arms, cursors, Wheelchaipgrspectiye _of_the quat_llcopter{ which ﬁI!Ed up the view of t_he
and quadcopters [1]—[5]. user. While it is more immersive, the view of the user while

For non-invasive BCls, most commonly used paradigrﬁ’sSing the system was still limited.
include P300, motor imagery (MI) and steady-state visual
evoked potentials (SSVEP). Reactive paradigms such as P30

and SSVEP have an advantage over active paradigm (MI) in%ur system aims to handle these limitations by using hybrid

that they require much less training, but both P300 and SSVE%;FI and AR display space. We mainly employed SSVEP-

require visual display for stimulus. Many previous works us sed BCAI Sﬂ that user required mlinirgalhtra_ining toful_se_OL(er
LEDs or LCD screens for the display [6]. This required thgystem. At the same time, we solved the issue of limite
ses for SSVEP-BCI by using a binary class Mi-based

to keep hi f d on the display, and SSVEP \§ .
user 1o keep nis gaze focused on e dispiay, an | to increase the number of command. We further took

further limited in the frequencies that could be used by tf% .
refresh rate of the display. Recently, head-mounted devic¥ vantage of the smaller number of SSVEP stimulus that need
’ e displayed by using AR-HMD as our means of display. By

have emerged as a powerful method to display visual stimullfs loving AR-HMD freed h ‘ h
while allowing the user free view of his surroundings [7]_[11](_emp oying AR-HNID, our sygtem reed up the user rom the
constraint of having limited view. We also used the additional

visual space available by providing users more information
978-1-7281-4707-9/20/$31.00 ©2020 IEEE about the state of the drone, allowing easier control.
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Fig. 1. Overview of BCI system

Il. METHODS
A. Experimental Setup

The study had two stages : training stage and experimer
control stage. Both stages employed a BCI system with EE

_|_

amplifier and AR device, and experimental control stage us N e

an additional computer for quadcopter simulation. i Sl s SEE response cRAS
Data was collected using BrainVision actiCHamp amplifie

with BrainVision Recorder software at sampling rate of 500H. ~ 2seen® 2 seconcs & seconcs

and lowpass filter of 40Hz applied on collection. For the
electrodes, 6 EEG electrodes were placed on the C1, Cz, C2,
01, Oz, 02 with Fz as reference and ground at AFz. SSVEP
BCl used 4 classes, resting, 7.5Hz, 10Hz and 12Hz. For Mlet had two trials (hand movement, resting) and a total of 20
we used resting and hand movement. AR device used was $bes were collected.

Microsoft Hololens, which has screen refresh rate of 60Hz. .
D. Experimental Control Stage

B. Experimental Subjects After training, the subject was asked to navigate the quad-
Two male subjects, at age of 23 participated in the expaopter through the control environment using their EEG sig-

iment. Both subjects were healthy with normal or correcte@als. The control scheme was explained as follows. First,

to-normal vision, and both had some prior experience usingh® quadcopter was activated through hand imagination, upon

Fig. 2. Steady state visual evoked potential training step

brain computer interface. which the quadcopter rose to height of 3m. Then, the user
o manipulated the quadcopter with SSVEP stimulus, with top
C. Training Stage box displaying frequency mapped to forward movement, and

Training stage consisted of two parts : SSVEP and Mgft and right box displaying frequencies for left and right turn
training. For SSVEP training, subjects were asked to wekgspectively.
Microsoft Hololens and stare at a crosshair at the center of
the screen. After a sound cue, crosshair in the center was
changed to a flickering box of appropriate frequency (7.5Hz,
10Hz, 12Hz) or clear view for resting state. This was shown
for 7 seconds. Data was collected for only the last 5 seconds
among this time. After 7 seconds, crosshair was shown again,
and the user was allowed to rest for 2 seconds. Each set
consisted of 4 iterations (once for each class), and a total of
20 sets were collected. For MI training, the view shown in
Microsoft Hololens was changed to the interface used in the
actual control of quadcopter. Similar to the SSVEP training, Z-plane motion X¥-plane motion
sound cue was given for the subject to either start imagining
movement or rest for 7 seconds. Only the last 5 seconds were Fig. 3. The quadcopter was controlled with fixed vertical motion
collected. Subject was given 2 seconds in between trials. Each
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E. Control Environment

The quadcopter control environment was created usi
gazebo, and the quadcopter was simulated using RotorS Video feed from
UAV gazebo simulator based on ROS that allows realist
simulation of various drone models [13]. Firefly was the dro s
model chosen for its built-in GPS mode that allows simp
transition from simulation to real-world control in the future
Properties of the firefly (acceleration, angular acceleration ¢
were defined in the simulator used and was not altered.

Fig. 5. Hololens control stage display

needed to classify resting state. Therefore, a cluster analysis
of CCA coefficients was applied to better suit our needs for
asynchronous BCI. After CCA coefficients were extracted, we
used a linear support vector machine for classification.

For MI classification, filterbank common spatial pattern
(FBCSP) algorithm was used for feature extraction [15]. As a
variation of widely used common spatial pattern (CSP) algo-
rithm, where spatial filters for feature extraction are obtained
by optimizing the following equation, where w is the filter to

Fig. 4. Control Environment be obtained.
T T TagT
The control environment consisted of a U-shaped track (30m Jw) = w XpXqw _w My w
X 30m x 3m) through which the subjects were told to travel wl XoXJw  wT MJw

through to demonstrate effectiveness of the proposed SysteM.anresents EEG signals corresponding to resting state and

The supjects were pr_owdeq.a backtrack key, yvh|ch allow % signals corresponding to hand movement.and M, stand

the subject to reset his position to 1 second prior. for spatial covariance matrix for resting and hand movement

F. Microsoft Hololens Display state respectively, assuming zero mean for EEG signals. In

Microsoft Hololens displays were different for the tw FBCSP, the EEG signal is f|_rst filtered into different frequency
- : ands and then CSP applied to each band. 9 bands evenly

stages. For training, only the center of the view was used 0

X . " . . sPaced from 4Hz to 40Hz were used.

display either a crosshair or a flickering box. For the contrd

stage, there were 3 elements. First was a small sphere to mark . RESULTS

the center of the view. The second element was the visual

stimulus for SSVEP. Three boxes were placed at left, top, andVe tested the accuracy of our system through 10-fold cross

right edge of field of vision just so that the subject coul¥@lidation, as seen in figure 6, with each folds containing

only see one stimulus at a time by moving his head slighti§ven dlstrlbut'lon of ggch clasges. Data used. was the signals

Between the center and right box was the third element, whiéfllected during training session. Each subjects underwent

was a live video feed from the quadcopter, allowing the subjeéining period totaling up to 13 minutes, 9 minutes for SSVEP

to keep track of the orientation of the drone. training and 4 minutes for Ml training.
) For motor imagery, subject 1 showed average of 0.525
G. Data Processing accuracy, with standard deviation of 0.075. Subject 1 had best

Data was processed using scikit-learn and mne librariesdancuracy of 0.75 and worst accuracy of 0.5. Subject 2 similary
python 2.7. For SSVEP classification, canonical correlati@achieved accuracy of 0.55 with standard deviation of 0.15,
analysis (CCA) is widely used, both for its high accuracy angith best accuracy of 0.75 and worst of 0.25. Both subjects
simplicity [14]. Canonical coefficients between EEG signachieved accuracy above chance level (0.5) for MI classifi-
and reference signals are found for all target frequenciestion. For SSVEP, subject 1 achieved average accuracy of
where reference signals are created from harmonics of siflué875, with standard deviation of 0.0625. The best accuracy
soidal waves with corresponding frequency. Maximum canorsubject 1 acquired was 0.75, with worst of 0.625. Subject 2
cal coefficient is then selected and the signal is classified as st®wed average accuracy of 0.6175 with standard deviation of
corresponding frequency. However, CCA tends to suffer wh@0623. Best accuracy of subject 2 was 0.75, while the worst
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Fig. 6. Cross Validation Accuracy for Training Step showing minimum, maximum and average accuracy

was 0.525. Likewise to motor imagery, both subjects showegperiment with little to no rest. This suggests that our system
above chance level accuracy (0.25). can be used by users when first using a BCI to control a
Both subjects were able to navigate through the given couigggadcopter. Our system can possibly act as a 'training wheel’
successfully. The trajectory taken by each subject is showntintil the user gets used to using BCI and shows increases in
figure 7. Subject 1 managed to navigate through the map easifffine accuracy. After several training sessions, the system
with minimal motion, taking 68 seconds of motion. Subject 2an be expanded with more classes to allow more complex
experienced more difficulty, with unintended motions occuringontrol.
from time to time, which lead to slight departure from the Another important feature of our system would be the AR
provided path. However, he still managed to complete thisplay. By employing AR display, we increased freedom for
course in 114 seconds. users to look away from a fixed monitor. At the same time,
we took advantage of AR display to partly fill the user’s view
with video feed from the quadcopter to update the user on its
state. This has the potential to be further explored in future
works in that AR display in BCl systems can be used for
more than stimulus display and provide visual feedbacks for
different responses.

V. CONCLUSION

We designed a control scheme for controlling quadcopter
movement using MI/SSVEP hybrid BCI. We have successfully
demonstrated the effectiveness of our MI/SSVEP-BCI system
in controlling a quadcopter simulation for the pilot subject.
We used active command based on MI to signal take-off
of the quadcopter and reactive commands based on SSVEP
to manipulate the movement of the quadcopter. The results
suggest that little to no training is required to use our interface

Both subjects managed to successfully use our propogedsuccessfully control the quadcopter.
system to navigate through the provided course. However,

Fig. 7. Trajectory

IV. DISCUSSION

subject 1 outperformed subject 2 in terms of both accuracy in
motion and time taken to navigate through the course. Subjeft
1 also achieved slightly higher classification accuracy for
SSVEP compared to subject 2. It shows that for asynchronous
offline BCI, slight increase in offline accuracy may lead to[2]
significance performance increase. Our future works should
focus on the direction of improving the performance of SSVEIT3]
classification algorithm to further improve our system.

Our system also employed shorter training sessions co i
pared to previous systems [1]. With training session of 1
minutes long, users were able to start second stage of the
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