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Abstract
Since the advent of the technology age, new
and innovative ways to communicate with and
control machines have been gaining momentum
over traditional forms of input. The rise of
touch, gesture and speech based control highlight the desire for more natural human computer interactions. A Brain-Computer Interface (BCI) is an extension of these interaction
methods; allowing a user’s brain activity to be
interpreted as an input into a computer system.
In this paper, a successful and novel implementation for controlling a robotic arm using a P300 Speller interface is presented, with particular focus on solving high order problems with
task specific commands. The system was validated through a packing experiment, where a
participant needed to pick and place scattered
objects into a container. Initial results show
successful completion of the task within four
minutes, with a command selection accuracy of
approximately 97%.

1

Introduction

A Brain-Computer Interface (BCI) is a type of HumanComputer Interface (HCI) which allows for humans
to use neural responses as an input to control a machine, whether that be the cursor on a computer screen
[Wolpaw and McFarland, 2004], or even controlling a

Figure 1: A participant taking part in the experimental
procedure. He is currently completing the pick and place
activity.
wheelchair [Ben Taher et al., 2013]. In particular, BCIs
that use Electroencephalography (EEG) as their means
of detecting neural responses are rapidly emerging at the
forefront of BCI design. EEG involves measuring electrical responses across the scalp, and a proven BCI that
uses such a method is the P-300 Speller [Ahi et al., 2011].
The P-300 Speller uses the P-300 neural response as
a means to select alphanumeric characters to type onto
a screen. The P-300 neural response is a large peak in
EEG signals that occurs approximately 300 milliseconds
following a low frequency target embedded in otherwise
high frequency non-targets [Polich et al., 1997]. In the
case of the P-300 speller, the letters of the alphabet are

arranged in a matrix, with rows and columns being randomly highlighted in order to determine the letter to be
selected.
The P-300 Speller has radically changed the way that
patients with severe physical disabilities interact with
the people and environment around them. The resulting success of the BCI paradigm has lead to the method
of control being applied to many other areas; including the control of robotic arms [Palankar et al., 2009;
Johnson et al., 2010]. Recent studies show that implementing “goal-oriented” instructions over standard process control result in a more efficient P-300 based BCI
[Royer et al., 2011], and alternate methods of identifying targets can also result in higher accuracy [Jin et al.,
2012]. These improvements offer an insight into the advancements that can be made in the area.
The contribution of this work is twofold. Firstly, we
propose a novel P-300 based BCI interface specifically
designed for Human-Robot Interaction (HRI) that uses
task specific on-screen queues. These commands are high
order, goal oriented and change depending on the task
at hand. This allows the user to interact with a traditional P-300 BCI interface whilst having a higher level
of control. Secondly, we discuss in detail a full implementation of the system that serves for the reader as a
guide to implement a task-oriented BCI system for HRI.
We present an initial validation of the system with a
human participant who completes a pick-and-place task
using the BCI (see Figure 1). This task demonstrates
performance in the HRI context, as well as the speed
and accuracy of detecting the users intent. The results
are compared to previous research [Palankar et al., 2009;
Johnson et al., 2010] to determine the effect of contextual operation of a P-300 interface.
The remainder of the paper is organised as follows.
Section II provides further background on the field of
HCIs and in particular BCIs. Section III describes the
software and hardware components of the system and
how they interact with one another. Section IV sets
out the steps and considerations within the experimental
design, as well as the operation mechanics behind the P300 based BCI. Finally, Section V display the results of
the experiments, and Section VI discusses future work
and conclusions.

2
2.1

Background
EEG-based Brain Computer Interface

EEG is the process of measuring electrical brain activity non-invasively on the scalp of a patient, and was
first recorded by Hans Berger in 1924 [Gevins, 1998].
He identified oscillations in the brain’s electric field and
correlated different patterns in EEG signals with certain brain diseases, generating interest in EEG research.
The fine temporal resolution of EEG makes it ideal for

Figure 2: The P-300 Speller matrix. It consists of an
array of letters and numbers that are highlighted by row
and column randomly to elicit the P-300 neural response.
A row is highlighted in this example.
online processing and to provide real-time responses to
the user. There are many different types of signals that
make up EEG, and measurements can be made based on
position on the scalp, frequency of the signal, or evoked
potentials.
Evoked potentials are repeatable patterns observed in
EEG signals in response to a specific stimulus. An Event
Related Potential (ERP) is a pattern that occurs in response to a specific event observed or experience by a
participant. They are usually quick responses, occuring a few hundred milli-seconds after stimulus onset, in
the form of positive or negative peaks in the EEG data
[Lagopoulos, 2007]. There are many different types of
ERPs, however of particular interest to this study is the
P-300 ERP.

2.2

The P-300 Speller

The P-300 ERP is a potential that is elicited by unexpected events, that is to say, when a target is highlighted
in a stimulus amongst a group of non-targets, 300 milliseconds after the stimulus onset a discernible peak in
EEG data can be detected [Mak et al., 2011]. The “oddball” paradigm is the main method used to elicit the P300 ERP, which involves a situation as explained above.
By exploiting the fact that a P-300 can be used to differentiate between different objects on screen, many novel
BCI applications have been developed. One of the most
well known and successful P-300-based BCIs is the P-300
Speller [Farwell and Donchin, 1988].
The P-300 Speller was first mentioned by Farwell and
Donchin in 1988 [Farwell and Donchin, 1988], and involves utilising the oddball paradigm in conjunction to
a matrix of alphanumeric characters on a screen as seen

2.3

BCI Control for Human Robot
Interaction

A recent example of this is presented by Palankar et
al., in their conference paper on a wheelchair-mounted
robotic arm [Palankar et al., 2009]. The goal of this
project was to develop a wheelchair-mounted robotic
arm that would take a P-300 determined command as
its main method of input. The team first developed a
simulator for their wheelchair-mounted robotic arm system and integrated it with an existing P-300 Speller interface. Palankar et al. showed that the accuracy of the
P-300 interface is linearly proportional to the number of
flashes on screen. Due to time restraints, the BCI implemented used the alphanumeric characters as the main
form of input, and it is suggested that an interface with
high level commands be developed to improve the systems usefulness [Palankar et al., 2009].
Johnson et al. also describes extending the P-300
Speller to the control of a goal-oriented robotic arm
[Johnson et al., 2010]. The goal was to integrate the
P-300 speller to control a robotic arm to move an object to known locations on a board, as represented by
the different letters in the P-300 Speller matrix. The
authors suggest that, from the results of the study, the
bit-rate or number of instructions per minute peaks at
around five to seven flash cycles and any less reduces the
accuracy of the system.
The system presented in this work differs from the
above examples as contextual commands are superimposed on the P-300 speller matrix. Rather than using
abstract letters to control the robotic arm, task related
queues are shown thereby giving the user a better sense
of control when attempting to complete the exercise at
hand.

3

System Overview

The proposed BCI system comprises of a tight integration of several hardware and software components. In
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in Figure 2. Each row and column of the matrix is highlighted in a random order, and the subject is asked to
concentrate on the letter they wish to select by keeping
a mental tally of the number of times it is highlighted.
Since the highlighting is random, when the letter the
subject is focusing on is highlighted, this is the equivalent to an “unexpected event”, and as such a P-300 is
elicited [Farwell and Donchin, 1988]. Over several repetitions, enough P-300 signals will be detected in order
to backtrack from the signal what the subject was focusing on. P-300 Spellers have been highly successful
in research, and have been applied to different use cases
other than spelling. This leads to the application of the
P-300 speller to the control of robotic arms.

Feedback

Figure 3: Block diagram of the proposed P-300 Speller
based BCI system for HRI.
the following sections, we describe in detail all of these
components and their interactions.

3.1

Hardware

Figure 3 shows a block diagram of how all the components within the BCI system are connected and the basic operational flow. EEG electrodes are secured onto
the scalp of a participant using a cap in order to detect electrical activity originating from the brain. These
analogue signals, varying up to approximately 100 µV
[Wilkinson and Seales, 1978], are then recorded, digitized and filtered via an EEG amplifier. The amplifier
then passes on the digitized results to a computer for further processing via Universal Serial Bus (USB). A screen
is also connected to the computer using either a Video
Graphics Array (VGA) or High-Definition Multimedia
Interface (HDMI) in order to display the P-300 interface matrix. After the data has been processed by the
computer, servo motor commands are sent to the servo
controller via RS232. These commands are then converted into the correct series of Pulse-Width Modulated
(PWM) signals for the robotic arm to complete the desired action selected by the user. The user then observes
the movement of the robotic arm as a form of visual feedback in order to determine the next appropriate action
to be chosen using the BCI system.
EEG Amplifier
The main role of the EEG amplifier is to act as the initial
interface between the participant and the BCI system.
The amplifier used in this study is the Compumedics
Neuroscan Synamps2 [Compumedics Neuroscan, 2012].
The Synamps2 is a commercial and medically certified
EEG amplifier, allowing for a maximum of 128 EEG
channels per unit, including 2 auxiliary inputs and 4

Figure 4: The Synamps2 amplifier components. The separate connection module (left) and amplification module
(right) make it easier for physical isolation to reduce electrical interference, as well as reduce the complications in
connecting the participant to the system.
dedicated bipolar channels. The device consists of two
seperate components, shown in Figure 4. Separating the
amplifier in this manner allows for the physical isolation
of the sensitive EEG electrodes and the high-powered
processing equipment. It has a maximum sample rate of
20kHz at a resolution of 24 bits and an inbuilt ability
to check the impedance of electrodes, ensuring a high
quality connection between the amplifier and the participant.
Robotic Arm
The Lynxmotion AL5A robotic arm was employed to
act as the output for the BCI system (see Figure 5).
The AL5A is a 5 degree-of-freedom robotic arm with a
maximum lifting capacity of approximately 113g and a
maximum vertical reach length of 36cm. Though small
in size, the unit is low power and easy to program with
the inbuilt SSC-32 servo controller, making it ideal for
experimentation and development work. The SSC-32
commands the 6 servo channels which control the various joints and gripper of the arm, and interfaces to a
computer via RS-232.

3.2

Software

The first stage of the software subsystem involves the
EEG amplifier transferring the digitized EEG signal to
the driver of that particular amplifier. The serial data is
then converted into a standard format where it is transferred to the BCI toolbox. The BCI toolbox operates the
P-300 eliciting visual display, as well as processes the incoming EEG data from the driver. It relates events in
the stimuli being displayed on screen and the phenomena
observed in the EEG signals. After a symbol has been
selected by the toolbox, it is sent to the Matlab interface
module. This module acts as a software connection, in-

Figure 5: The Lynxmotion AL5A in its initial position
before beginning an experimental trial. The foam cubes
arrayed around it must be packed into the box using the
BCI system implemented.
terpreting the target sent from the toolbox as a series of
robotic arm commands. The interface then sends these
commands to the robotic arm controller for completion.
Amplifier Driver
The required driver for the Synamps2 EEG amplifier is
called SCAN, and is developed by Compumedics Neuroscan. SCAN consists of 3 main modules called Acquire, Analysis, and Import/Export. In this study, the
Acquire module was used in order to drive the EEG amplifier and capture the signal data measured. Acquire
also contains an impedance checking sub-module, which
allows for the experimenter to make sure the connection
between the users scalp and the EEG electrodes is adequate. SCAN was programmed to forward the data via
TCP to the BCI toolbox.
BCI Toolbox
The primary module within the software subsystem is
the BCI toolbox, as it is responsible for not only processing the EEG data and extracting relevant ERPs, but also
operating the visual interface being displayed. BCI2000
was the toolbox used for this system, due to it’s previous success in the field [Johnson et al., 2010], and freely
available, open-source code written in C++.
BCI2000 takes the data sent from SCAN and passes
it through a temporal filter. This filter applies a moving
average to each of the electrode channels being read in,
and epochs the data into 600ms segments after a stimulus has been highlighted. The epochs recorded are then
concatenated based on channel, creating a series of feature vectors for each row and column.
The feature vectors are then sent to a linear classifier,
which acts to project the high-dimensional signal features onto a low dimensional classification space. In this
case, the classification space is either “P-300 present” or
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Figure 6: Detailed diagram of the BCI system architecture.
“No P-300 present”, represented by the numbers 1 and
-1 respectively. The output of the linear classifier is a
log-likelihood ratio for each of the stimuli to be the attended target. To do this, the classifier takes the scalar
product of each of the elements within the feature vector
with a predetermined weighting:
yk =

M
N X
X

Xij wijk

(1)

i=1 j=1

where y is the output of the classifier, X is the
set of feature vectors, w are the individual weights
for each feature element, i = 1, 2, ..., N EEG channels, j = 1, 2, ..., M elements in the feature vector, and
k = 1, 2, ..., L unique stimuli in the experiment. The
maximum y value for each row and column are then
used to determine the most likely target being attended
by the participant. The resulting target is then exposed
over UDP to any other external modules.
Robot Arm Interface
The final software module in the software subsystem is
the software interface written in MATLAB. The primary
function of this module is to accept the UDP packet sent
by BCI2000 after the participants target has been determined. The character or string is then checked against
a look-up table of known symbol-command pairs. If the
symbol received is not within the table, then the selection by BCI2000 was incorrect, otherwise the module
executes the appropriate command. The commands are
in the form of either a serial message sent to the SSC-32,
or a UDP packet sent to BCI2000. Figure 6 displays a
detailed diagram for the final system architecture.

4

Experiment Design

We designed an experimental procedure to evaluate the
performance of the P-300 Speller interface in the context of HRI and we performed an initial validation with

a user. In the following we present the details on the
experiment design. Figure 7 is a flowchart depicting the
order of operations in the experiment. The procedure
was designed with contextual interaction in mind, and
is a novel test of the BCI performance with regard to
task-oriented and contextual human robot interactions.

4.1

Physical Setup

Lab Environment
In order to minimise electrical interference with the EEG
equipment and reduce the distractions present for the
participant, the experiment area was split into two separate rooms. The first room contained all the necessary processing equipment and computers required to
run the BCI experiments. The second room contained
the screen, robotic arm and Synamps2 interface module,
to allow for the electrode cap to be connected to the
systems within the adjacent room.
Preparations
The participant was asked to sit 1.5m away from the
screen in an upright, comfortable position. The robotic
arm was placed to the right of the participant, next to
the stimulus display screen. Once comfortable, the distance from the participants inion to nasion was measured, as well as between preauricular points. From these
measurements, the appropriate sized electrode cap can
be chosen and placed on the participants head. Using
the 10-20 international electrode positioning system, the
areas of the scalp highlighted in Figure 8 are prepared
with a soft abrasive to remove any dead skin cells that
may interfere with impedance. Conductive gel is then injected into the holes of the cap and the electrodes placed
on top of the gel. An impedance check using the Neuroscan SCAN software is then performed to ensure the
connection is correctly made.
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lus intensification.
The recorded data was then processed offline using
Stepwise Linear Discriminant Analysis (SWLDA) in order to generate the appropriate weights for the linear
classifier. The data was first smoothed by applying a
moving average filter to each channel, and then decimated at a frequency of 20Hz. Each channel was then
split and concatenated based on stimulus presentation,
resulting in 2880 (16 letters * 12 rows and columns * 15
repetitions) feature vectors, each 108 (600 samples/50
samples * 9 electrode channels) elements in length.
Of each of these feature vectors, 480 represent targets,
and 2400 represent non-targets. As such a classification
vector was generated, labelling each feature vector as either a target or non-target with the numbers 1 and -1
respectively. This created a binary classification problem, which allowed the weights to be calculated using
least squares regression:
w = (X T X)−1 X T y

(2)

where w is the set of weights, X is the set of feature vectors and y is the classification vector. Rather
than using all the available feature vectors, SWLDA
adds a single feature at a time, using an F-test forward
(penter < 0.1) to determine whether its variance contribution is insignificant. After a feature is added, a
stepwise analysis is performed to remove the least significant input features (premove > 0.15). This reduces

End
Experiment

Figure 7: Flowchart of experimental procedure.

4.2

Calibration

Though the P-300 occurs at approximately 300ms following a stimulus, the topography can vary from participant to participant [Wilkinson and Seales, 1978]. As
such, each user needs to undergo a calibration procedure
in order to accurately train the linear classifier. Training
the classifier in this manner improves the detection accuracy of the P-300 ERP independent of the participants
individual P-300 characteristics.
The calibration procedure consisted of 4 trials, with
each trial containing a word from the sentence “the quick
brown fox”. This sentence would force participants to
focus on different areas of the screen. No feedback was
provided during the spelling task, though the word to
spell was displayed on screen. Each row and column was
highlighted a total of 15 times, with EEG data being
recorded at 1kHz and epochs lasting 600ms after stimu-

Figure 8: A simplified version of the 10-20 international
electrode positioning system. The highlighted areas are
chosen electrode positions for this study. Three electrodes are placed in the front (red), middle (blue), and
rear (green) positions of the scalp, with two reference
channels on the earlobes (purple).

of each target was the same as the calibration procedure.
No feedback was shown to the participant after target
selection, as the robotic arm would move depending on
what was chosen. There was also no command order
shown to the participant, as they were instructed on the
order to complete the task, as well as simulate a more
life-like scenario.

4.4

Figure 9: The new P-300 matrix for the task.
the number of non-zero weights, thereby simplifying the
computation process and reducing the chance of overfitting the weights to the data. The process is repeated
until no additional features change the weights significantly, or a predefined limit is met. In this case, a limit
of 60 features was set.

4.3

Interface Design

We propose a novel P-300 Speller interface designed for
task-oriented HRI as presented in Figure 9. It is noted
that the interface was particularly designed for the pickand-place task considered in this experiment. However,
the concept is easily extensible to other similarly complex HRI tasks. The symbols shown in Figure 9 are, from
left to right, top row to bottom row: target the first
block, target the second block, target the third block,
open gripper, close gripper, move to a position to drop
blocks into box, go to home position, and end experiment.
There are many factors to consider when designing the
visual interface for the P-300 BCI. Firstly, the content of
the symbols displayed must be simple enough to be understood by participants from varying backgrounds and
age groups, yet convey complex information pertaining
to the task at hand. Secondly, the position of the symbols can greatly affect the concentration ability of the
participant. Adjacent complex symbols may be a distraction, resulting in elicited P-300 relating to the wrong
command. As can be seen in Figure 9, the task specific
commands were designed in such a way that their image
directly correlated to the motion of the robotic arm, and
each symbol was positions such that no other task command was horizontally, vertically or diagonally adjacent.
In order to achieve this level of control, the traditional
P-300 speller matrix was modified to include the new
task specific symbols. The rest of the matrix was left
with the remaining letters, in order to ensure the novelty

Experiment Trials

After completing the calibration procedure, the weightings calculated are loaded into the classifier and the BCI
is ready for online trials. The participant was asked to
use the BCI to take part in a pick-and-place activity
involving packing 3 foam cubes into a small box. The
foam cubes were arrayed such that two cubes were 9cm
forward 12cm either side of the base of the arm, with
the final cube directly 14cm ahead. The box was placed
26cm away from the base of the arm. The experiment
could be ended or paused at the users discretion.
A single trial consisted of 3 repetitions of the pick
and place activity. As each trial was completed, the
number of stimulus cycles completed by the BCI before
determining the users target was reduced by 1. The
trials began with 15 stimulus cycles, and concluded when
the number of cycles reached 1. This allowed for the
accuracy of the system to be determined with differing
stimulus cycles.
The absolute minimum number of commands required
to complete the pick and place activity was 13. Accuracy
of the system was determined by comparing the number
of commands required to complete the task with the ideal
number selected using the BCI system.

5

Results

The system was successfully implemented and a participant was able to use the BCI to complete the task at
hand. Figure 1 shows the participant completing the experiment and Figure 10 shows the successful detection
of a P-300 response over time. The BCI was evaluated
based on its accuracy to determine the correct letter or
symbol being focused upon by the participant. As the
number of intensification cycles were decreased, the measured accuracy was compared to the expected accuracy
as per the results from the calibration procedure. Figure 11 shows the comparison between measured and expected BCI accuracy over cycle repetitions. From this
graph, it can be seen that the optimal trade-off between
speed and accuracy is 5 cycles, resulting in an accuracy
of 97%.
Another metric used to evaluate a BCI is the rate at
which information is transferred across the interface, or
the bitrate. The bitrate is defined as the total number
of bits communicated during a character epoch [Speier

et al., 2012] in bits per minute, and can be found using
the following equation:
Accuracy of BCI vs Number of Stimulus Cycles
100

bitrate =

1−P
log2 N + P log2 P + (1 − P ) log2 ( N
−1 )

(tgap + tf lash ) × r × s

× 60

90

(3)

80
Accuracy (%)

where N is the number of symbols in the matrix
(36), P is the probability the target is accurately classified, and tgap is the time between flashes in seconds
(125ms), tf lash is the length of the stimulus flash in seconds (80ms), r is the number of repetitions and s is the
number of rows and columns (12). Figure 12 shows the
trend in expected bitrate and observed bitrate as the
number of stimulus intensifications were reduced. The
maximum bitrate observed is approximately 22 bits/min,
which occurs at 5 stimulus cycles. Under the optimum
conditions, i.e. 5 stimulus cycles, the experiment was
completed successfully in approximately 4 minutes.
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Figure 11: Accuracy of the BCI compared to the number
of times each stimulus is highlighted. Observed accuracy
(blue) and expected accuracy from the classifier (red) are
plotted on the same axis.
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Figure 10: A plot of the detected P-300 response (red)
and non-P-300 (blue) response taken from a central electrode (top), and the correlation coefficient over time
(bottom).

Figure 12: A plot of bitrate with respect to stimulus cycles. Expected bitrate (red) and observed bitrate (blue)
are plotted on the same axis.

6

Discussion and Conclusions

From the results shown, it can be seen that when comparing observed data to expected results from the classifier training, the overall trend of accuracy and bitrate are
virtually identical as the number of stimulus repetitions
are decreased. As flashes are decreased, the accuracy is
reduced due to the lack of features to average, as well as
a decrease in the chance of the target being highlighted
in a novel manner since stimuli are highlighted randomly.
On the other hand, a decrease in stimulus cycles reduces
the time required for the BCI to determine the intended
target, and as such bitrate increases. A balance must be
achieved between bitrate and accuracy, and in this particular case 5 repetitions results in the highest accuracy
and bitrate combination; 97% accuracy and a bitrate of
approximately 22 bits/min in the observed case. These
results are in line with prior works with similar setups
[Palankar et al., 2009] [Johnson et al., 2010] and as such
show that the introduction of task-specific commands
does not affect the accuracy of a P-300 Speller based
BCI.
The proposed system and experimental evaluation are
a step forward in developing a P-300 based BCI with a
higher level of control for users. A novel contextual interface for the P-300 Speller has been developed and validated using a human participant. Good performance of
the implemented system has been shown in the context of
human robot interaction, with the optimum trade-off between speed and accuracy identified. The interface was
also compared to prior work, confirming no loss in performance with the addition of task specific commands.
Future work for this system will entail a more elaborate user interaction study, where a multitude of users
will be asked to complete a novel human robot interaction task and fill out a questionnaire detailing their experience with the system. To improve the current system,
dynamic stimuli cycles can be programmed such that as
soon as the response to a stimulus meets a certain criteria, the system can select a target, thereby reducing
the time required to select a command and increasing
bitrate without effecting accuracy.
Furthermore, to make the system more applicable to
real life scenarios, a computer vision system could be
implemented to allow for the dynamic creation of commands based on observed objects in the environment.
A context driven set of high-level commands could then
be generated on screen to allow for the user to interact
with the objects using the robotic arm. Such a system
could, for instance, be mounted to a wheelchair to allow
for locked-in patients to gain a greater degree of independence as they use the BCI to interact with objects
around the home.
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