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Abstract

Objective. Brain—computer interface (BCI) control systems monitor neural activity to detect the
user’s intentions, enabling device control through mental imagery. Despite their potential,
decoding neural activity in real-world conditions poses significant challenges, making BCIs
currently impractical compared to traditional interaction methods. This study introduces a novel
motor imagery (MI) BCI control strategy for operating a physically assistive robotic arm,
addressing the difficulties of MI decoding from electroencephalogram (EEG) signals, which are
inherently non-stationary and vary across individuals. Approach. A proof-of-concept BCI control
system was developed using commercially available hardware, integrating MI with eye tracking in
an augmented reality (AR) user interface to facilitate a shared control approach. This system
proposes actions based on the user’s gaze, enabling selection through imagined movements. A user
study was conducted to evaluate the system’s usability, focusing on its effectiveness and efficiency.
Main results. Participants performed tasks that simulated everyday activities with the robotic arm,
demonstrating the shared control system’s feasibility and practicality in real-world scenarios.
Despite low online decoding performance (mean accuracy: 0.52 9, F1: 0.29, Cohen’s Kappa: 0.12),
participants achieved a mean success rate of 0.83 in the final phase of the user study when given

15 min to complete the evaluation tasks. The success rate dropped below 0.5 when a 5 min cutoff
time was selected. Significance. These results indicate that integrating AR and eye tracking can
significantly enhance the usability of BCI systems, despite the complexities of MI-EEG decoding.
While efficiency is still low, the effectiveness of our approach was verified. This suggests that BCI
systems have the potential to become a viable interaction modality for everyday applications in the

future.

1. Introduction

Brain—computer interface (BCI) technology has been
gaining increased attention due to its potential
to transform human-computer interaction. From
enabling communication for those with severe motor
disabilities [1] to teleoperation of industrial robots
for healthy individuals [2], the applications of BCI

© 2024 The Author(s). Published by IOP Publishing Ltd

are numerous, enabling previously impossible or
impractical user scenarios [3]. This is especially use-
ful in environments where movement is restricted
and other interaction modalities cannot be used.
One application of interest is the control of assistive
robotic devices that aim to support users who suffer
from motor-function impairing disabilities in their
daily lives [4].
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Typically, BCI systems measure the neural activ-
ity of the user and try to determine their intention
from the chosen neural signal using machine learning
(ML) methods [5]. A commonly employed signal is
the electroencephalogram (EEG) which measures the
electrical activity of the brain using electrodes on the
surface of the head [6]. Enabling intention detection
using BCI requires a mental task that remains consist-
ent over time and across individuals. This is especially
important as EEG is a non-stationary signal that has
a large inter- and intra-individual variability [7].

Multiple modalities are available for EEG-based
BClI applications [8]. Two of the most commonly used
modalities are steady-state visually evoked poten-
tial (SSVEP) and motor imagery (MI). SSVEP is
brain activity triggered by viewing a steadily flickering
visual stimulus [9] and is often used for BCI speller
applications that allow users to type text using a vir-
tual keyboard where the keys are stimuli flickering
at different frequencies [10]. However, this method
does not allow users to initiate commands spontan-
eously. Additionally, other non-BCI modalities like
eye tracking can achieve the same type of interaction
more reliably, without needing to acquire EEG data
for training decoding models. However, hybrid sys-
tems have been proposed to improve the reliability of
target identification [11].

MI is defined as ‘the mental simulation of an
action without the corresponding motor output’
[12], meaning it involves imagining a movement
without actually performing it. By linking specific
imagined movements to device commands, a BCI
control system can be created. However, decoding MI
signals is complex, requiring extensive training data
for accurate decoding and frequent recalibration due
to the non-stationarity of EEG [8].

Thus, strategies are necessary to mitigate the
issues of MI decoding without sacrificing the advant-
ages of BCI. One approach that can offer a possible
solution is to integrate BCI with a shared control
system [13]. Shared control systems use sensors to
determine the current state of the environment and
a semi-autonomous robot [14]. The control system
can use this information to propose high-level actions
to the user. This limits the user interaction to select-
ing objects from the environment to interact with and
choosing one of the available actions.

The research question for this paper is therefore
what the most suitable design is for a shared con-
trol system that uses MI-based BCI for the operation
of a physically assistive robotic arm. We chose MI as
our BCI modality because it can provide rich mul-
timodal interaction when combined with eye track-
ing. The objective of this research is to design and val-
idate a proof-of-concept BCI control system in scen-
arios that simulate real-world conditions. Our sys-
tem integrates an augmented reality (AR) Ul with eye
tracking and MI BCI to build a shared control system
for real-life applications. The control system proposes
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actions based on the object the user is currently look-
ing at thanks to spatial awareness and object detection
allowing the user to select the desired action with MI.

To investigate the real-world usability of the
developed control system, a user study was devised
balancing the need for fast iteration required of
software development and the structured approach
required in human studies. To assess the real-world
usability of the control system, participants com-
pleted tasks where they had to operate a robotic arm
using our control system. The usability of a control
system depends on its effectiveness, efficiency, and
user experience [15]. In the field of BCI research,
usability and user-centered design are gaining prom-
inence as researchers strive to connect lab experi-
ments with real-world applications [16, 17]. The cur-
rent study focuses on the effectiveness and efficiency
aspects of the control system. A detailed analysis of
overall system usability including user experience and
a comparison with a control system variant that relies
solely on eye tracking is presented in [18].

2. Materials and methods

2.1. Control strategy

The proposed control strategy provides a flexible
approach, allowing users to select items, such as user
interface (UI) menu options or physical objects in the
real world, using their gaze, and then choose an asso-
ciated action through MI. We evaluate this control
strategy by applying it to the specific use case of oper-
ating a robotic arm. An overview of the shared control
strategy utilized by our BCI control system is depicted
in figure 1.

To interact with an object in the environment, the
user gazes at the object they want to interact with. The
shared control system then employs an internal world
model that is based on spatial mapping and computer
vision to determine the type, location, and state of the
objects. For this proof-of-concept, this is simulated
with an AR environment. Based on these factors, the
system proposes multiple actions to the user.

To select an action, the user must think about the
associated movement while maintaining their gaze on
the object for 2 s. The decoding pipeline subsequently
processes the EEG signal using a sliding window.
When one of the MI classes has been predicted #
times, where 7 is the threshold for decision-making,
the system prompts the user with a dialog to either
accept the decoded movement or reject the decoding
result. For this study, the threshold was set to 5, as this
value was determined to provide an optimal balance
between quick decision-making and reliable decoding
in preliminary testing.

If the user accepts the decoding result, the robot
executes the associated action. If the user rejects the
result, decoding resumes, and the user imagines the
intended movement again. This method prevents the
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BCI control strategy

Show available actions
Select object with eye and associated

decoding

First class with n
predictions is considered
correct

Confrimation

F tracking movement and start EEG

Update world

[—Accept» Robot performs action 1

del

Figure 1. The control strategy of the MI BCI control system. The system starts in the object selection stage where the user can
select an object by looking at it for 2 s. A menu showing which movement the user should imagine to select an action appears and
EEG decoding is initiated. When an MI class is predicted n times, this is considered as the intended movement and a menu asking
the user to confirm the action is shown. If the user rejects the action, the system goes back to the decoding stage. If the user
accepts the action, the robot performs this action and the system returns to the selection stage after updating the world model.

robot from performing an unintended action, avoid-
ing the need for the user to cancel it. Once the robot
completes the selected action, the system returns to
object selection mode.

2.2. Hardware

To achieve the intended functionality, several hard-
ware components need to work jointly. An overview
of the necessary hardware components and how they
communicate with each other is shown in figure 2(a).

A suitable EEG device is necessary to measure the
user’s neural activity. The only requirements for this
device are that it should be compatible with the head-
wear used for AR display and provide an application
programming interface that enables access to the raw
real-time EEG data stream from our custom decod-
ing software. A dry electrode system would make
the donning of the device more convenient in daily
use cases, and active electrodes are recommended to
ensure adequate signal quality. The device should also
preferably be mobile to avoid limiting the use of the
BCI system to the user’s home.

An AR head-mounted display (HMD) that sup-
ports eye-tracking is necessary for displaying the Ul
and selecting objects. The device should preferably
use waveguide-based AR technology to avoid isolat-
ing the user from reality. A pass-through AR display
can also be used if it can accurately reproduce the
real-world environment. The device must be portable
and ideally stand-alone for a fully mobile experience.
Easy access to built-in sensor and camera data would
also enable advanced spatial computing to obtain an
accurate representation of the environment.

The assistive robot should be a cobot that can
safely operate around humans without risk of injury.
It should also be able to pick up objects and pre-
cisely place them in a specific position. The software
to send robot commands should be compatible with
the HMD to enable a stand-alone system.

Finally, the computational hardware used for EEG
decoding should be powerful enough to run the
chosen decoding model and be able to communic-
ate with both the robot and the HMD. Ideally, this
hardware is portable and has a long autonomy. If the
decoding software can run on the same hardware as

the HMD control software, that would even simplify
the system more.

The hardware that was selected for this study is
shown in figure 2(b).

This study used the Smarting ProX from mbt
(mBrainTrain; Serbia) for EEG acquisition. This
device uses a cap equipped with 64 active gel elec-
trodes positioned according to the 10-20 system. It
can wirelessly connect to the recording device over
Bluetooth and can sample up to 4000 Hz. For this
study, the sampling rate was limited to 250 Hz to
reduce the computational cost of real-time processing
of the data stream.

Microsoft” HoloLens 2.0 was chosen for the
head-mounted AR display. It uses waveguide-based
AR and provides the necessary eye-tracking and spa-
tial awareness functionality through its sensors. This
device was selected for its mature hardware and
extensive software tools. This facilitated the develop-
ment of the AR environment and UI [19].

The Franka Research robot was employed as the
cobot in this experiment. This robotic arm offers
7 degrees of freedom and is equipped with a grip-
per for picking up objects. Safety is ensured by the
robot’s built-in sensors, which halts its movement
upon detecting a collision [20].

Real-time EEG decoding was handled by a laptop
personal computer with a 6-core Intel(R) Core(TM)
i7-10850 H CPU with a clock speed of 2.70 GHz.
The computer has 16 GB of working memory and
an NVIDIA GeForce RTX 2070 with a Max-Q design
graphical processing unit. The computer is con-
nected to the robot with an Ethernet connection
and communicates with HoloLens through a USB-C
cable.

2.3. Software

Two distinct software components were developed
for the BCI control system, the decoding application
that runs on a dedicated computer and a UI applic-
ation deployed on the HoloLens. The communica-
tion between the decoding application and the Ul is
handled by the ZeroMQ (ZMQ) messaging software.
A publish/subscribe strategy was used for commu-
nication where one component (the publisher) sends
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Incoming EEG datastream: LSL

Decoded results: Publish class

start decoding
request

decoding results

(a)
‘ Franka Laptop

Research robot
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Decoding process: Python -
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(b)

when an action is selected.

Figure 2. Schematic representation of the different hardware components (a) and the hardware setup of the BCI control system

that was used for the proof-of-concept (b). The EEG device is connected via Bluetooth to a decoding computer that monitors the
data stream. The HoloLens 2 headset and the robot arm are connected to the same local network as the decoding computer. This
local network facilitates message exchange between the computer and the HoloLens, as well as sending messages to the robot arm

mbt Smarting
ProX

messages to a message queue provided by ZMQ while
the other listens (the subscriber) for messages.

The intent of the sent message is determined
by assigning a topic to the queue. Two topics are
used in our software. The decoding control topic is
responsible for passing messages concerning start-
ing and stopping the decoding process and the pre-
dictions topic handles the communication of decod-
ing results to the UI process. The decoding applic-
ation subscribes to the decoding control topic and
publishes results to the predictions topic while the
UI publishes to the former and subscribes to the
latter.

Sending commands to the robot is handled by the
robot operating system (ROS) using the provided
transport control protocol (TCP) messaging
functionality [21]. We used Unity-Technologies-
ROS-TCP-Connector, developed by the Simens com-
pany as the ROS# package, ensuring stable commu-
nication between Unity3D and ROS [22]. To execute
each action/movement by the robot, we used the
Movelt package, which made us able to prerecord
each movement of the robot, for each action that the
user could select [23].

Figure 3 provides a schematic overview of the BCI
control system’s software architecture.
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Figure 3. Software architecture of the brain—computer interface (BCI) control system. Two separate components handle real-time
electroencephalogram (EEG) decoding and user interface interaction, communicating through a publish/subscribe model. Both
processes can access the EEG data stream to sample windows for decoding and push markers when the system changes states
respectively. When an action is selected it is sent to the robot controller software using the Robot Operating System (ROS)

transport carriere protocol (TCP) messaging interface.

Our custom decoding application handles real-
time EEG decoding and sends decoding results to
the UI, which sends the appropriate command to
the robot motion control software. In its initial state,
the eye-tracking process monitors the user’s gaze
and displays the menu depicting which movement
the user should think of to trigger a specific action.
Meanwhile, the decoding process waits for the mes-
sage to start decoding, sent by the UI process when
the user’s gaze intersects with an interactive object.

The decoding process will keep decoding and
sending the results to the UI process until #n predic-
tions are achieved for the same class. When the Ul
process receives the nth message, it sends the stop
decoding message to the decoding process and dis-
plays the confirmation dialog. If the user accepts the
decoded action, the appropriate commands are sent
to the robot via ROS TCP to perform the chosen
action. The program subsequently returns to the ini-
tial state until the user selects a new object with their
gaze. If the user rejects the result, the start decoding
message is sent again, and decoding resumes. This is
repeated until the user accepts the decoding result.
When state changes occur, the UT application pushes
markers to the EEG stream to indicate which event
occurred at what time.

2.3.1. Real-time EEG decoding application
The real-time EEG decoding component of the
control system was implemented with the Python

programming language. The MNE library [24] was
used for operations relating to EEG data processing
such as reading data files, filtering, and epoching
among others. The lab streaming layer (LSL; [25])
software was used with its Python client PyLSL to
access the real-time EEG data stream and ensure all
data are synchronized. The implementation of ML
models was achieved with the Scikit Learn (SKLearn)
library [26].

Decoding is achieved with a sliding window of
2s with a stride of 0.25s over the EEG data stream.
When the start decoding message is received, the
decoding process starts sampling chunks of EEG
data from the LSL stream. The size of the sampled
chunk is determined by the chunk_prop parameter
by multiplying the provided value with the win-
dow size. The whole chunk is filtered followed by
the extraction of sliding windows which are sub-
sequently sent to the decoding pipeline for classific-
ation. The decoding results are finally transmitted
to the UI process in batches containing the results
for the whole chunk. For this study, the chunk_prop
parameter was set to 2 resulting in a chunk size
of 4s.

The decoding pipeline uses a finite impulse
response band-pass filter from 8-30 Hz with a win-
dowed time-domain (firwin) design as suggested
by [27]. The filter is a one-pass, zero-phase, non-
causal bandpass filter. It uses a Hamming window
with 0.0194 passband ripple and 53 dB stopband
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Figure 4. An example of the augmented reality interface when the Rubik’s cube is selected. The icon on the left signals to the user
that imagining closing their left hand will command the robot to put the cube away. The icon on the right shows that imagining
closing their right hand will prompt the robot to give the cube to the user. The cross icon at the top serves as a button that can be
selected using eye tracking to return to the object selection stage of the control system.

attenuation, a lower passband edge of 8, and a lower
transition bandwidth of 2.00 Hz for a —6 dB cutoff
frequency of 7.00 Hz. The upper passband edge was
set to 30.00 Hz and the upper transition bandwidth
was set to 7.50 Hz for a —6 dB cutoff frequency of
33.75Hz. The filter length was automatically set to
413 samples (1.652 s) according to the default settings
provided by the MNE filter functions.

The MI decoding pipeline consists of an SKLearn
Pipeline object containing the feature extraction and
classification stages. The first step of this pipeline con-
sists of a common spatial pattern feature extraction
model provided by MNE. The number of compon-
ents used by common spatial patterns was set to 6.
The classifier used for predicting the imagined move-
ment was linear discriminant analysis. This model
was implemented using the related class provided by
SKLearn.

2.3.2. AR Ul application

Our AR eye-tracking app uses eye-tracking techno-
logy to help with studies in human-computer interac-
tion, with the main goal of making it easier for virtual
and real-world robots to connect with each other. The
app uses an eye-gaze pointer to detect virtual items
that it collides with and BCI to figure out what the
user wants to do to control a virtual robot. After that,
the appropriate movements are sent to a real robot if
it is connected. The app was made with Unity3D [28]
and has a simple, easy-to-use Ul so that people can
connect with the robot without any problems. Mixed
reality components of the UI, such as eye tracking
buttons, are provided by the mixed reality toolkit for
Unity [29].

Initially, the UI shows the virtual robot and
objects related to the current task. When the
eye-tracking gaze pointer detects a collision with an
interactive object, the menu is shown and the start
decoding message is sent. Figure 4 shows an example
of the decoding menu. Subsequently, a flagis set in the
Unity software that indicates that there should be a
check for new decoding results at each frame update.
When decoded movements come in, a counter is
increased for each detected movement. Each counter
update is followed by a check to verify if the threshold
was reached for the given action. If this is the case,
the confirmation menu is shown as a holographic
modal.

When the user accepts the action, the confirma-
tion modal is hidden, the virtual robot performs the
chosen action, and a message is sent to the real robot
over ROS TCP if it is connected. If the real robot
is listening, it executes the same action as the vir-
tual robot. If the user refuses the decoded action, the
confirmation modal remains visible and decoding is
resumed when the user looks at the object again. Only
the counter for the proposed action is reset to 0 in this
case. The counter for the other action remains at the
same value which allows for faster convergence to the
correct action when correct predictions were received
along with the incorrect ones.

2.4. Validation study

The prototype control system was validated with a
user study where participants had to operate the
robotic arm using our control system. The study
was split into 3 distinct phases to allow for iterative
improvement of the control system between phases,
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ensuring a stable experience for the final phase.
Participants had to complete several tasks, which are
presented in section 2.4.1, in a virtual AR environ-
ment showing a virtual robot with virtual objects to
enable the assessment of the system’s performance.
When the real robot is connected, it reproduces the
actions of the virtual robot using cubes representing
the virtual objects which are located at predetermined
positions. The procedure followed the same template
for each phase, with the difference being in the num-
ber of sessions and the tasks that had to be completed.
Performance was assessed using a set of performance
metrics that are representative of the real-world suit-
ability of the control system.

This study was approved by the Medical
Ethics Committee of UZ Brussel and VUB
(BUN1432023000232) and adheres to the principles
of the Declaration of Helsinki for medical research
involving human participants [30]. Participants
received a detailed explanation of the procedure when
they registered for the study and provided their writ-
ten informed consent at the beginning of the first
session. Instructions were orally recited before start-
ing each task. In total, 20 participants (4 female, 16
male; aged 23-30) participated in the study. All par-
ticipants were individuals with no known cognitive
impairments.

2.4.1. Tasks

Before being able to use the control system, a decod-
ing pipeline should be trained on data from the
participant. Hence, each session started with a cal-
ibration task where EEG data was recorded while
the participant imagines movements. The employed
data acquisition procedure is an AR implementa-
tion of the procedure that was used in our previ-
ous research [31]. For this task, the participant is
seated while equipped with the EEG cap and the
AR HMD.

A white cross appears in front of them to indicate
that they should get ready and to provide a fixation
point, thus avoiding head and eye movement. After
3's, a textual cue appears above the cross with either
the word Left or Right indicating that the next ima-
ginary movement should be closing the left or right
hand respectively. The cue is shown for 1.5s after
which the text disappears and the cross turns green,
indicating that the participant should start imagin-
ing the requested movement. The cross subsequently
turns red after 2.5s to tell the participant that they
can stop imagining. This is shown for 1s, followed
by a break of randomized length between 3 and 4s.
Finally, the fixation cross reappears indicating that
the next trial will start. This procedure is repeated
until the necessary training data are acquired. For this
study, each calibration run consisted of 20 samples
of each movement, totaling 40 trials per run. The
order of movements is randomized at the start of
the run.

A Dillen et al

Following calibration, the acquired data are used
to train an MI decoding pipeline that is used to oper-
ate the robot arm in evaluation tasks. Training the
decoding pipeline always uses all calibration data that
were acquired during the session and never uses data
from other sessions. The first evaluation task consists
of sorting a cube using the robot arm. For this task,
the participant is seated while equipped with the EEG
and AR hardware. A virtual robot arm is positioned
on a virtual table in front of them with two differently
colored baskets on the sides. A colored cube appears
at a predetermined location in front of the robot,
indicating which basket should be selected. The user
then chooses the correct side by following the instruc-
tions indicated by the UL Each run consists of sev-
eral repetitions of the sorting task until the end con-
ditions are met. Possible end conditions are presented
in section 2.4.2.

The second task is a pick-and-place scenario
where the participant is once again seated while
equipped with the EEG and AR hardware. In addi-
tion to the the robot arm in front of them, there are
4 objects on the table; an orange, a Rubik’s cube, a
TV remote, and a smartphone. When the participant
selects an object and an action, the robot picks up the
object and places it in a predetermined location asso-
ciated with this action. The participant receives a pre-
viously determined sequence of object-action pairs
that they need to perform to complete the run. The
order of objects and which action should be selected
is randomized for each run.

2.4.2. Procedure

Each phase consisted of multiple sessions where the
first sessions were intended to help participants famil-
iarize themselves with the concept of MI BCI and the
use of the control system. Participants were encour-
aged to ask questions during the experiment and were
frequently asked about their experience to ensure
optimal training. Subsequent sessions were intended
to train the user further in the use of the control sys-
tem with the last session culminating in a perform-
ance assessment using one of the evaluation tasks.

Phase 1 consisted of a validation study using the
OpenBCI EEG headset. This phase was intended to
validate the overall feasibility of our control system
and investigate the possibility of using a consumer-
grade EEG device. The methodological details and
results from this phase are discussed in [18].

For phase 2, 5 participants (1 female, 4 male; aged
23-29) visited our lab for 3 sessions each. The per-
formance assessment employed the same sorting task
as in Phase 1, with the main difference being that the
participant had to complete 10 repetitions of sort-
ing to consider a run successful. For the first session,
participants performed two consecutive calibration
runs with a 5min break in between. Subsequently,
they were asked to perform at least one sorting run
with the possibility of a second run if there was time
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and they were willing. The second session consisted
of an alternation of calibration and sorting runs with
a maximum of 2 calibration runs. Participants were
encouraged to perform a third sorting run if possible.
There was no time limit for the first two sessions. For
the final session, only one calibration run was per-
formed. The participant subsequently had to perform
three consecutive sorting runs that were timed. The
time limit was set to 15 min and a run was considered
failed if the participant was unable to complete 10
sorting tasks within this limit.

The final phase expanded the procedure further
by introducing the pick-and-place task and using a
real robot in the final session of each participant. 12
participants (3 female, 9 male; aged 22-30) visited
our lab for 3 sessions each in this phase. The first
session was identical to the first session in Phase 2.
The second session started with a calibration run fol-
lowed by a sorting run. After a second calibration run,
the pick-and-place task was introduced. Participants
were asked to choose the order of objects and the
actions themselves. They were requested to announce
their choice before initiating the object selection stage
of the control system. Afterward, they were encour-
aged to perform an optional run where the experi-
menter provided the sequence of object-action pairs
to prepare them for the final session. Finally, the last
session introduced the real robot and took place at
the AI Experience Center at VUB, located in Brussels,
Belgium, where the robot arm is located. This resulted
in more noisy, although more realistic, conditions.
The sessions started with a single calibration run fol-
lowed by 3 consecutive pick-and-place runs where
the real robot replicates the virtual robot’s actions.
Participants had to complete the provided sequence
within 15 min to consider a run successful.

2.4.3. Performance metrics
To assess the control system’s objective performance,
several metrics were used. To compute these metrics,
markers were placed in the EEG data at each event
of a run. When a user selects an object to interact
with, a start decoding marker is placed in the data.
Subsequently, when the decoding is finished and the
user either accepts or declines the proposed action, a
marker stating the user’s choice is added to the data.
If the user accepts the action, the marker contains the
predicted, and hence ground-truth, class. If the action
is rejected, the marker will contain both the predicted
and true classes, which is considered as the alternative
class since we only employ two classes for this system.
Using the prediction markers, the online decod-
ing accuracy can be extracted. The chosen accur-
acy measures were the balanced decoding accuracy,
Cohen’s Kappa, and F1 score. The formula used for
computing balanced accuracy is

1 TP TN
balanced — accuracy = >\ 7p TN + NP
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where TP is the number of true positives, FN is
the number of false negatives, TN is the number of
true negatives and FP is the number of false posit-
ives. When referring to accuracy, balanced accuracy
is intended. Cohen’s Kappa measures the agreement
between two raters where one is a random classi-
fier, i.e. 0.50 for a binary classifier and our prediction
pipeline [32]. The metric can be computed as

K=
2% (TP x TN — FN x FP)

" (TP + FP) x (FP+ TN) + (TP + EN) x (EN + TN)

where TP is the number of true positives, FN is the
number of false negatives, TN is the number of true
negatives and FP is the number of false positives. The
F1 score is the harmonic mean of the precision and
recall [33] which is computed as

Fl— 2 x TP
"~ 2xTP+FP+FEN

where TP is the number of true positives, FN is the
number of false negatives, and FP is the number of
false positives.

Since we also know exactly when decoding was
initiated and when a prediction was made, we can also
extract the decision time. Note that this differs from
the decoding time as several predictions are used to
make a decision. Finally, we also consider the success
rate, calculated as

Ne
success —rate = —
ny
where n, is the number of completed runs and n, is
the total number of runs performed. Each participant
completed 3 runs of the evaluation task.

3. Results

In Phase 1, all 3 participants were able to complete
at least a single sorting task. Hence, the feasibility of
our control approach was shown. This also shows the
feasibility of using the OpenBCI cap for EEG meas-
urement with our control system.

Table 1 provides an overview of the online decod-
ing performance during the sorting task for each par-
ticipant in Phase 2.

We can observe that the online decoding perform-
ance is low, even below random chance for all but
Participant 7. The Kappa value even goes to 0 for
Participant 5 and close to 0 for Participant 6, indic-
ating that the system repeatedly made wrong predic-
tions, resulting in many erroneous decisions. This is
also clearly reflected by the low success rate for those
participants. Nevertheless, even with this low decod-
ing performance, participants 4, 7, and 8 had a perfect
success rate of 1, showing that they were always able
to complete the task within the given time limit.
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Table 1. Overview of Phase 2 online decoding performance during
the sorting evaluation task and each participant’s success rate in
completing the task. The employed metrics are the balanced
accuracy, F1 score and Cohen’s Kappa (). Only 1 participant
could achieve an accuracy above random chance, which is
reflected by the other performance metrics. Nevertheless, a mean
success rate of 0.73 could be achieved.

Participant ~ Accuracy  F1 K Success rate
4 0.50 0.29 —0.04 1.00

5 0.20 0.15 0.00 0.33

6 0.36 0.16 0.00 0.33

7 0.65 0.53 0.25 1.00

8 0.50 0.46 0.02 1.00
Mean 0.44 0.32 0.05 0.73
Standard 0.15 0.16 0.11 0.33
deviation

Table 2. Overview of Phase 3 online decoding performance during
the pick-and-place evaluation task and each participant’s success
rate in completing the task. The employed metrics are the
balanced accuracy, F1 score and Cohen’s Kappa (). Online
decoding performance is also low though the mean decoding
accuracy was slightly higher than for Phase 2 at 0.52. The success
rate was also higher at 0.83 with the majority of participants
achieving a perfect success rate.

Participant ~ Accuracy  Fl1 K Success rate
9 0.25 0.17  —0.08 NA
10 0.45 0.19 —0.04 1.00
11 0.53 0.10 0.01 0.33
12 0.64 0.42 0.31 0.67
13 0.36 0.09 —0.00 0.33
14 0.53 0.33  —0.03 1.00
15 0.51 0.36  —0.00 1.00
16 0.60 0.32 0.07 1.00
17 0.69 0.51 0.30 NA
18 0.58 0.26 0.06 1.00
19 0.54 0.31 0.03 1.00
20 0.56 0.42 0.09 1.00
Mean 0.52 0.29 0.06 0.83
Standard 0.12 0.13 0.12 0.27
deviation

Table 2 shows the performance overview for the
participants of Phase 2. Note that the success rate for
Participants 9 and 17 is unavailable due to the timing
data being lost after a technical problem, prohibiting
the computation of the success rate.

We can observe that the decoding performance is
slightly improved over Phase 1 from the higher mean
accuracy and Kappa values with lower variance for the
accuracy. However, the mean F1 is lower in Phase 3
even though the accuracy is higher, indicating that
there were more events where one class could not
reliably be predicted in this phase. This occurs when
the decoding pipeline often predicts the same class
regardless of the true value. This indicates that while
participants got stuck for several consecutive predic-
tions less frequently, there were often random mis-
takes. The success rate was similar for both phases.
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To assess the BCI control system’s effectiveness, we
investigated if the success rate is reliable for different
time limits, we computed the success rate for various
cutoff times. The resulting mean success rates across
all participants are shown in figure 5.

Figure 5 shows that given sufficient time, the
majority, 73%, and 83% for Phase 2 and Phase 3
respectively, of users could complete the given task
successfully. The success rate peaks at a cutoff time
of 13 min for Phase 2. In Phase 3’s pick-and-place
task, most participants succeeded after 6 min, but a
cutoff time of over 10 min was required to ensure
that the majority of participants were able to com-
plete the sorting task in Phase 2. This is expected
due to the sorting task requiring more actions (10)
compared to the pick-and-place task (4) though the
actions in the pick-and-place task were slightly more
complex as it requires selecting an object that is not
known beforehand. The standard deviation was large
for both phases, highlighting the large variability in
BCI aptitude across participants.

Beyond effectiveness, a system’s efficiency is also
an important aspect. Thus, we investigated the com-
pletion times that were achieved during the user
study. Figure 6(a) shows the mean completion time
over all participants for both tasks and figure 6(b)
shows each participant’s best completion time.

We can observe that the pick-and-place comple-
tion times are lower than the sorting completion
times, which is expected as there are fewer actions to
perform in the pick-and-place task. We also notice
that most participant’s best completion time is below
the average in both cases.

4. Discussion

The aim of this study was to demonstrate the valid-
ity of our novel control system which integrates BCI
with eye tracking in an AR UI. To this end, we con-
ducted a user study that balances the fast iteration
needs of software development with the thorough
user evaluation required in human-computer inter-
action research. Participants completed tasks sim-
ulating daily activities using the BCI control sys-
tem to operate a robotic arm, allowing us to assess
the system’s usability, defined by its effectiveness,
efficiency, and user experience [15]. Usability and
user-centered design are increasingly crucial in BCI
research, bridging the gap between laboratory exper-
iments and real-world applications [16, 17]. This
study focused on objective measures of the effect-
iveness and efficiency of the developed BCI control
system.

Our main findings indicate that while the cur-
rent system can be used to control a robotic arm,
several improvements are necessary before it can be
deployed for real-world applications. The first phase
of the user study demonstrated the feasibility of using
a 16-channel OpenBCI cap with passive electrodes to
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operate a robotic arm. Previous research has shown
that using a reduced number of sensors to decode M1
is feasible if they are appropriately located accord-
ing to the 10-20 system [31]. These results, along
with research into consumer BCI [34], suggest that an
effective BCI control system could be devised using
consumer-grade hardware given an appropriate con-
trol system design.

4.1. Control system performance

In subsequent phases, we assessed the effectiveness
and efficiency of our BCI control system. Phase 2
revealed a discrepancy between expected offline and
online decoding performance. Our decoding pipeline
typically achieves an accuracy above 0.7 with sim-
ilar data [31], which was confirmed in prelimin-
ary analyses using calibration data from this study.
However, in real-time settings, accuracy dropped to

below random chance with a mean MI decoding
accuracy of 0.44 for Phase 2 participants. Phase 3 res-
ults were similar, with a mean accuracy of 0.52. This
low accuracy can be attributed to the use of basic MI
decoding methods and the lack of pipeline customiz-
ation for individual participants

Despite this, participants achieved success rates of
0.73 and 0.83 in Phases 2 and 3, respectively. These
success rates were obtained thanks to the shared con-
trol approach that includes eye tracking, thus limiting
the reliance on accurate MI decoding However, these
success rates were only achieved when participants
were given ample time to complete tasks. Reducing
the time limit significantly lowered the success rate,
indicating that effectiveness may be achieved at the
expense of efficiency. This trade-off could negatively
impact user experience, as users might become frus-
trated if tasks take too long to complete.

10
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Comparing our results with previous literature
is challenging due to the lack of a standardized BCI
prototype evaluation framework. Nevertheless, des-
pite our lower decoding accuracies, our success rates
align with previous studies on BCI for robotic arm
control [4, 35, 36]. It is noteworthy that these studies
use more advanced decoding methods and custom-
ize the decoding pipeline hyperparameters for each
participant, while we used the same basic decoding
pipeline for all participants. This suggests significant
potential for improving our BCI control system by
enhancing decoding accuracy.

4.2. Strengths and limitations

Several challenges remain for the real-world deploy-
ment of BCI systems [3]. Our control system’s novel
design aims to mitigate the inherent difficulties in
decoding MI from EEG data using a shared control
approach. Shared control employs a dynamic world
model updated through various sensors monitoring
the environment [14]. Although not the first attempt
at robotic arm operation using a shared control BCI
system [13, 37], our design is distinguished by its
portability and multimodal interaction through eye
tracking. Another distinctive feature of our BCI con-
trol system is the limited calibration time. In the
final evaluation session, we utilized only 20 training
samples per MI class, leading to a recording time of
7min and 35s. Due to the simplicity of the decod-
ing methods used in our BCI pipeline, model training
takes less than 5s, resulting in a total calibration time
of under 8 min. Fast setup and quick familiarization
are crucial for a user-friendly control system [38—40].

Our BCI control system’s strengths include
enabling complex interactions with the environment
through a simple UIL. The multimodal combination
of eye tracking and BCI separates object selection
from robot action selection, resulting in a loose coup-
ling of software components, which is desirable [41].
Moreover, the need to focus on an object to trigger
BCI decoding minimizes the users’s head and eye
movement, thus limiting EEG artifacts. The system’s
flexibility allows for easy improvement or replace-
ment of specific software or hardware components
while keeping others fixed. Furthermore, our thor-
ough evaluation procedure provides results indicative
of real-world performance.

However, limitations include the low decoding
performance of the real-time pipeline, leading to
low system efficiency. Additionally, user training was
limited in both duration and methods, preventing
an assessment of optimal performance and potential
improvements for weak performers. The low num-
ber of sessions also meant that participants had lim-
ited opportunities to achieve better results if they were
tired during their final session. The effect of user
training was not directly considered in the study. The
current system simulates spatial awareness and object
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detection, so the computational requirements of these
methods are also unknown.

4.3. Future perspectives

Future improvements could focus on optimizing the
decoding pipeline to increase decision accuracy and
efficiency, potentially through more advanced meth-
ods such as deep learning. However, these methods
may require more training data and introduce longer
decoding times. Promising techniques to address
these issues include transfer learning [42], continual
learning [43], and novel data augmentation methods
like diffusion models [44]. Automated user customiz-
ation tools, such as AutoML [45], could also enhance
the decoding pipeline through extensive hyperpara-
meter optimization for each user.

Utilizing advanced methods could also support
additional MI classes, enabling a broader range
of actions. Furthermore, reliable decoding could
eliminate the accept/reject dialog to enhance effi-
ciency, but this would require a mechanism to inter-
rupt erroneous actions. Monitoring error-related
potentials after the selection of an action could
serve this purpose [46]. Improving calibration and
user training through gamification could enhance
user performance. Observations during the study
suggest that users perform best when intuitively
thinking of required movements in familiar con-
texts. Gamification could provide an immersive
and motivating context for training users on the
necessary movements [47, 48]. We believe that with
enhanced MI decoding, the system could achieve
significantly higher success rates and reduced com-
pletion times. If reliable decoding can be ensured,
the confirmation stage in our control strategy
could be eliminated, further boosting the system’s
efficiency.

Regarding the evaluation of the control system,
assessing user experience is also necessary for a com-
prehensive evaluation of our control system. User
experience outcomes can also assist in prioritizing
work. Future work will thus include a user experi-
ence questionnaire [49] and comparisons with non-
BCI control approaches to investigate user prefer-
ences. Alternatively, comparing the performance of
our control system with MI-based control strategies
that do not employ eye tracking should provide fur-
ther insights into the added value of using eye track-
ing in combination with BCIL.

Currently, our system uses off-the-shelf compon-
ents, demonstrating the adequacy of existing tech-
nology. In the long-term, integrating all aspects
of our BCI control system into a single all-in-one
device, such as an AR headset with EEG sensors and
embedded computing hardware, could provide a self-
contained, comfortable, and privacy-guaranteeing
solution. If commercialized at an affordable price,
consumer BCI could become a reality.



10P Publishing

J. Neural Eng. 21 (2024) 056028

5. Conclusion

The results obtained in this user study showed the
viability of our BCI control strategy. The effective-
ness of the software prototype that we developed was
confirmed with most participants achieving a perfect
success rate. However, the efficiency of the system still
needs to be improved before real-world deployment
becomes possible. Moreover, we also demonstrated
the viability of using consumer-grade EEG devices
with our control system. Thus, BCI is on the cusp of
becoming a widely available interaction modality that
could replace classical interaction modalities such as
the mouse and keyboard. Though current applica-
tions are limited to niche scenarios where other mod-
alities are unavailable, the future holds the possibility
of BCI becoming ubiquitous in everyday interaction
with electronic devices.
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