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Maracanaú, CE, Brazil

Correspondence should be addressed to Victor Hugo C. de Albuquerque; victor.albuquerque@unifor.br

Received 7 August 2017; Accepted 7 August 2017; Published 30 October 2017

Copyright © 2017 Victor Hugo C. de Albuquerque et al. This is an open access article distributed under the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

Brain computer interface (BCI) systems establish a direct
communication between the brain and an external device.
These systems can be used for entertainment, to improve the
quality of life of patients and to control virtual and augmented
reality applications, industrial machines, and robots. In the
neuroscience field such as in neurorehabilitation, BCIs are
integrated into controlled virtual environments used for the
treatment of disability or cognitive development of subjects,
for example, in case of cerebral palsy, Down syndrome, and
depression. Its aim is to promote a recovery of brain function
lost due to a lesion through noninvasive brain stimulation
(brain modulation) in a more accurate and faster manner
than the traditional techniques. Neurorobotics combines
BCIs with robotics aiming to develop artificial limbs, which
can act as realmembers of humanbody being controlled from
a brain-machine interface. With the advancement of a better
understanding of how our brain works, new realistic compu-
tational algorithms are being considered, making it possible
to simulate and model specific brain functions for the devel-
opment of new Computational Intelligence algorithms and,
finally, BCI for mobile devices/apps.

As an augmentative communication channel, BCI has
already attracted considerable research interest thanks to
recent advances in neurosciences, wearable biosensors, and

data mining. However, to overcome numerous challenges the
BCI technology still requires research in high-performance
and robust signal processing and machine learning algo-
rithms to produce a reliable and stable control signal from
nonstationary brain signals to allow development of real-
life BCI systems usable across many individuals. Further
improvements to BCI systems are necessary to ensure that
they can meet the needs of specific user groups such as
disabled or impaired people as well as common users.

The main objective of this special issue is to promote
a discussion on the recent advances related to BCI systems
for neurorobotics from novel methods and/or applications in
order to identify innovative, current, and great contribution
works to the field of neuroscience.This special issue contains
09 published original works selected from 13 submitted
articles, addressing new trends in the area from several novel
methods and techniques used in different applications. For
example, Q. Gao et al. presented a novel hybrid BCI using
EEG signal, which consists of a motor imagery-based online
interactive brain-controlled switch, aka “Teeth Clenching”
state detector, and a SSVEP-based BCI was proposed to
providemultidimensional BCI control.N. Yu et al. proposed a
novel method for extracting the single-trial evoked potential
(EP) based on multiple-input single-output autoregressive
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modeling with exogenous input (MISO-ARX). F. A. Araújo et
al. proposed the Auris System, based on a noninvasive brain
activity recording using a electroencephalographic device,
conceived to provide the musical experimentation for people
who have some type of hearing loss, being able to extract
musical information from audio and create a representation
for music using different stimuli, a new media format to be
interpreted by other senses than the hearing. A. M. Batula
et al. used, for the first time, four-class motor imagery-based
online functional near infrared spectroscopy BCIs adopted
to control a robot with upper- and lower-limb movement
imagery mapped to four high-level commands to control the
navigation of a simulated or real robot in a room.A significant
improvement in classification accuracy was found between
the control of virtual robot-based BCI and the real robot
BCI. L. Carelli et al. accomplished the systematic review of
BCI for cognitive assessment and training, describing some
preliminary attempts to develop verbal-motor free BCI-based
tests for evaluating specific or multiple cognitive domains in
patients with Amyotrophic Lateral Sclerosis (ALS), disorders
of consciousness, and other neurological diseases, presenting
the more heterogeneous and advanced field of BCI-based
cognitive training, which has its roots in the context of
neurofeedback therapy and addresses patients with autism
spectrum disorder (ASD) and attention deficit hyperactivity
disorder, stroke patients, and elderly subjects. Z. Lin et al.
proposed a triple-rapid serial visual presentation (RSVP)
paradigm with three types of image retrieval simultaneously
and a target image appearing three times to improve the
detection accuracy of the multitrial P300-based classification
methods. C. A. D. R. Paula et al.’s research aims to evidence
quantitative differences in the frequency spectrum pattern
between EEG signals of children with and without ASD
during analysis of human facial expression, such as neutral,
happy, and angry. A. Athanasiou et al. proposed an off-the-
shelf BCI-controlled anthropomorphic robotic arms involv-
ing, mainly, social Human-Robot Interaction for assistive
technologies and rehabilitation. N. Zhuang et al. perform
emotion recognition based on the empirical mode decompo-
sition (EMD) of EEG signals.
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Deafness, an issue that affects millions of people around the globe, is manifested in different intensities and related to many
causes. This impairment negatively affects different aspects of the social life of the deaf people, and music-centered situations
(concerts, religious events, etc.) are obviously not inviting for them. The Auris System was conceived to provide the musical
experimentation for people who have some type of hearing loss. This system is able to extract musical information from audio
and create a representation for music pieces using different stimuli, a new media format to be interpreted by other senses than
the hearing. In addition, the system defines a testing methodology based on a noninvasive brain activity recording using an
electroencephalographic (EEG) device. The results of the tests are being used to better understand the human musical cognition,
in order to improve the accuracy of the Auris musical representation.

1. Introduction

Deafness is an issue that affects a significant part of the
population in all countries, but the incidence increases espe-
cially in the developing ones, like Brazil, in which deafness
is defined as bilateral hearing loss of forty-one decibels
[1]. According to the Brazilian Institute of Geography and
Statistics (IBGE) census, 5.10% of Brazilian population have
some type of hearing impairment [2]. On a worldwide scale,
according to the World Health Organization (WHO) [3], the
number of people who have disabling hearing loss is around
360million, and 1.1 billion youngpeople (aged between 12 and
35 years) are at risk of hearing loss due to exposure to noise in
recreational settings. It is important to point out that hearing
loss impacts not only leisure’s problems, but also all kinds of
daily activities. These data reinforce the need for solutions
to reintegrate this group in activities which are centered in
auditory stimuli, such as musical events.

Different solutions are being developed in order to help
peoplewith hearing disabilities to consumemusic.TheModel
HumanCochlea [4] is an example of device formusical acces-
sibility, which uses a musical representation in a vibrotactile
display. The vibration is expressed through eight voice coils
embedded in the back of a chair and distributed in a four
by two matrix. Each voice row is associated with a different
channel and represents a specific element of the music.

Another project uses a similar approach, but using dif-
ferent tools to represent vibrations. The Haptic Chair [5]
is responsible for vibrations transmissions through contact
speakers (transducers). The main concept used in this device
is to enhance music vibration without any artificial effect; in
other words, it amplifies the pure audio signal. Such approach
allows the subjects with partial deafness to hear the audio
transmitted through transducers vibrations. In addition, a
visual display is used to expose visual sequences created based
on the music, allowing the subjects to follow information
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through elements such as shapes, with different brightness
and colors. The system displays visual effects that match
the current note duration, pitch, and also loudness, timbre,
and key changes. Different configurations were tested using
music, visual display, and the Haptic Chair— the test results,
obtained through the conduction of usability questionnaires,
indicated that the difference between the Flow State Scale
score of the music with Haptic Chair and music with visual
display and Haptic Chair configurations was not significant.
When the participants were asked about the configuration
that represents a first choice, 54% preferred consumingmusic
with Haptic Chair only and 46% preferred consuming music
with the visual interface and the Haptic Chair.

The use of visual interfaces for deaf people is shown to be
important, because it enhances the possibility of immersion
and, together with the haptics information, increases the
amount of information for the music representation. A study
using fMRI [6] indicated that some visual stimuli are able to
activate the auditory cortex in deaf people, in the same way
it happens when people with no hearing impairment listen to
sound.This study suggests the relevance of visual information
for the comprehension of interaction of deaf people with
different forms of musical representation, which means that
video may be used to help deaf people to understand and
consume music.

Brain-machine interfaces (BMI) allow direct translation
of electric or metabolic brain activity into control signals
of external devices or computers bypassing the peripheral
nervous and muscular system.The neural or metabolic brain
activity can be recorded from sensors outside the brain such
as using electro- or magnetoencephalography (EEG/MEG),
functional magnetic resonance imaging (fMRI), or near-
infrared spectroscopy (NIRS) [7].

The aim of the current study is to translate audio stimuli
to a new media composed of filtered audio and tactile
vibrations, in order to verify whether this combination can
be used to overcome deafness for the perception of music
and also understand how the brain interprets these new
tactile information. The testing is based on information
captured from the subjects using inexpensive commercially
available EEG electrodes. The system named Auris [8] is
responsible for reproducing the new media created from
the original audio. The reproduction is done through two
different devices, one named Auris Chair and another named
Auris Bracelet. The union of these two devices is responsible
for reproducing musical elements, such as melody, rhythm,
and harmony.

2. Materials and Methods

The initial discussions for the Auris System development
arose from the restrictions faced by the VLibras project [9],
which developed solutions aiming at people with hearing
impairment. Musical information was not studied by this
project, and this gap motivated the development of the
Auris System. While researching the state of the art, we
understood that most of the previously presented approaches
were trying to translate audio into some other media that
could be perceived by people with hearing impairment, but

most of their results and analysis were guided by subjective
information, which could lead to imprecise conclusions.

The following subsections, thus, aims to explain how the
Auris System was conceived, how it works, the methodology
to evaluate how effective the system is, and how similar, from
a neurological standpoint, is hearing music, compared to the
experience provided by Auris System.

2.1. Auris System. The Auris System was designed to foster
the possibility of a better musical experience for the hearing
impaired population. The system brings a set of tools that
converts audio to a new media (consisting in a filtered
audio synchronized with tactile impulses) in order to be
played through loudspeakers and special haptic interfaces,
improving the musical experience for deaf people, or anyone
with hear deficits. The system is currently composed of the
Auris Chair, the Auris Bracelet, and two integrated software
components: (a) the Auris Core and (b) the Auris Controller,
whose development was deeper described in a previous study
[8]. Some software components were further improved and
are explained in this work.

The Auris Chair is composed of four six-inch speakers
positioned on the back of the Auris Chair and a subwoofer
positioned on the seat, both acoustically insulated. This is
the component responsible for playing back the filtered audio
(Auris Audio). The Auris Bracelet consists of a series of
vibration motors attached to small plastic plates disposed
in an 1 × 6 matrix. The Auris Bracelet function is to
represent harmonic or melodic information present in the
songs through different vibration patterns and can act with
different configurations in relation to the combination of
motors vibration and represented musical tones.

The System architecture is depicted in Figure 1 describing
the following components: Auris Controller; Auris Core,
Midi Melody Generator, Auris Stream, Auris Filter, Auris
Drivers, Auris Chair, and Auris Bracelet.

The Auris Controller (1) is responsible for managing the
functioning of the other components, in order to provide
the conversion between regular audio in a media that is
perceivable by deaf people. The Auris Controller starts the
process by receiving two inputs: an audio file (.wav or .mp3)
and a configuration file.TheAuris Core (2) receives the audio
and configuration files, processes them with its subcom-
ponents (Midi Melody Generator, Auris Stream, and Auris
Filter), and returns the generated artifacts. The audio process
for generating the Auris Stream and Auris Audio artifacts,
consists, respectively, in extraction of the melodic informa-
tion from the original audio file using the implementation
made by [10], which provides a MIDI representation of it
through MELODIA algorithm developed by [11]; after that,
the extraction of specific information from MIDI file, used
to compose the Auris Stream file, can be executed; for the
Auris Audio, the required process consists in generating a
filtered version of the audio, in order to amplify the low
level frequencies that can also be perceived by the tactile
system. Those two processes are required for generating the
artifacts, which will be forwarded to the Auris Controller,
responsible for commands of the Auris Chair (3.1) and the
Auris Bracelet (3.2) (via its drivers) to play filtered audio and
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Figure 1: Schematic overview of the Auris System.

the extracted melody information, according to the defined
configuration.

The methodology used for the melodic musical informa-
tion extraction was developed by [11] and divided into four
steps. In the first one, the experimenter utilizes a sinusoidal
extraction process to obtain the spectral peaks, which serve as
input for the salience function. In the second step, he gets the
possible melody candidates on fundamental frequency. The
third step creates the pitch salience, and then verifies which
pitch belongs to the original melody. In the last step, from the
pitches belonging to themelody, a selection occurs generating
the melody in fundamental frequency.

After the extraction step previously explained, it is possi-
ble to access information regarding the notes distribution in
time (moment that a note starts and ends) from the melody
in the audio and then describe it based on our configuration
file. The configuration file is responsible for specifying and
providing the motors and the notes represented by them;
the vibration range of each motor; the notes distribution in
bracelet; and the method of representation. Finally the Auris
Stream file can be built as an archive which contains the
information of the extracted music and instructions of how
we are going to transmit melody though the Auris Bracelet.
TheAuris Streamfile enables the visualization ofwhichmotor
will vibrate by using his own Identifier (ID), the start/end
time of vibration which is measured in milliseconds, and
the intensity which can range from 0 to 255, where 0 is the
minimum and 255 is the maximum range.

2.1.1. Musical Representation. This section aims to clarify
relevant aspects regarding the way Auris presents music to
its users. As previously mentioned, the Auris System converts
regular audio containing music to a filtered version, which
is combined with a MIDI file, in order to be reproduced by
the loudspeakers attached to the chair and also by the haptics
interface.

More intense and strong vibrations are more relevant to
the users perception than weak ones. The purpose of Auris
Filter is to enhance weak vibrations using an application
to increase the gain of interest frequencies. The vibration
frequencies are sensible to touch and vary from 10Hz to
1000Hz [12]. Vibration frequencies above this range are very
difficult to be perceptible to touch and the range from 200Hz
to 300Hz is the best touch sensitive frequencies [13].

These frequencies ranges are not adequate considering
the fact that music will be carried by the audio to be filtered.
In otherwords, it can not representmost of themusic timbres,
rhythm variations, and other different musical elements.This
representation problem can be easily noticed through the
violin scale spectrogram generated by Sonic Visualiser [14]
application and presented in Figure 2.

In Figure 2, we have a crescent and decrescent violin notes
scale sequence. The red, yellow, and blue colors represent,
respectively, the high, moderate, and weak intensity of the
signal, in that spectral region. It is noticeable that notes above
3 kHz are more present.

For this task, we used the Essentia library [15] and Pure
Data Platform [16]. Essentia is usedwhen audio filter and gain
configuration are the same for the whole song and when it is
desired to use the maximum processing speed. Pure Data is
used when it is necessary to process the song in real time,
allowing the experimenter to change the parameters such
as filter configuration, cutting frequency, gain, or bandwidth
(Bandpass filter) also in real timewhile the audio is processed.
This approach allows the use of Pure Data not only for music,
but also for ambient sound if a microphone is connected into
the computer.

According to the hardware configuration used to build
the Auris Chair, the capacity of frequency representation
ranges from 70Hz to 20 kHz on speakers, and 20Hz to
200Hz on Subwoofer. The song “Cleanin’ Out My Closet”
by Eminem was arbitrarily chosen and used during our tests
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Figure 2: Violin notes scale, generated by Sonic Visualiser.

and will be taken as an example in order to highlight our
decisions regarding complementing the audio with a haptics
interface. This particular song has a very strong presence
of frequencies below 5000Hz, since Hip hop is a genre
that commonly provides music with low frequencies. The
limit for vibration frequencies sensible to touch ranges from
10Hz to 1000Hz. For this song, in this context, if we do
not use the Auris Bracelet and use only the filtered sound
representation, the range from 1 kHz to 5 kHz would not be
well represented. Since the Auris Bracelet makes a translation
from musical frequencies into tactile vibrations, including
frequencies that would not be perceivable through the filtered
audio, it facilitates the process of identifying a larger part
of the musical elements from what is playing, even if the
frequencies are above 1 kHz.

2.2. Methods. Different approaches were used in order to
evaluate subject perceptions. In order to obtain the most
expressive feedback from the subjects involved, among deaf
and hearing persons, two different processes were used dur-
ing the development of the Auris System. The first approach
has been through the usability questionnaires, but with
drawback of subjective answers by the participants. In the
second one, we used an electroencephalogram (EEG) test to
obtain ameasured feedback from participants. To acquire the
electrical activity data in this test, we used an Emotiv EPOC�
[17]. This device was used for recording brain signals from
the participants during the system experimentation.Deaf and
hearing participants had their data collected during part of
the experiments.

In all experiments, the participants were informed about
the process that would happen and had the freedom to choose
the music volume that would be played. In the first test
approach, the participants were not isolated and could watch
the other participants’ experiments. In the second, with the
acquisition of EEG signals, participants were isolated in an
enclosed environment in order to avoid interfering variables.

Both groups of participants, between deaf and hearing
persons, had just had contact with the test evaluator, but, in
the deaf group, the participation of a professional interpreter
of the Brazilian sign languagewas necessary. Distinct artifacts
were chosen for integrating the test scenarios, and they were
used in different configurations, depending on the group

which the test was being applied to. These artifacts were the
Auris Chair, Auris Bracelet, a video monitor, and an in-ear
headphone.

2.2.1.The Auris System and the Visual Stimuli Comprehension.
In order to understand the results presented by the author
[5], where the visual interface was not significant together
with the Haptic Chair, we decided to use a visual element in
the first step on our system evaluation. This visual interface
has the role of displaying the public video used in our
tests. The video contents are composed of a classical dance,
more precisely a waltz, where two persons dance according
to this music style. The objective here was to evaluate the
comprehension by the deaf participants between the audio
vibrations and the displayed video content. For this purpose,
the video was combined with three different music pieces
from different genders.

The songs chosen were

(i) Eminem, Cleanin’ Out My Closet
(ii) System Of A Down, B.Y.O.B.
(iii) Tchaikovsky, Waltz of the Flowers.

The experiment was applied at the institution Fundação
Centro Integrado de Apoio à Pessoa com Deficiência
(FUNAD). The deaf participants were invited to sit on the
Auris Chair and feel, or experience, the three different music
pieces. Each music piece was played separately but combined
with the same video. The participant was informed about
every music change, and only after the three executions
were they asked about which song most matches the video
presented.

2.2.2. The Auris System and Electroencephalogram Tests. The
second approach was ran with acquisition of EEG signals. In
this way, deaf and hearing participants had their electrical
brain activity recorded using an Emotiv device. The acquired
data were captured during four music types’ executions. Each
participant listened to or felt one musical sample of each tag
used in the experiment, according to Table 1.

Different music pieces were chosen for composing this
part of tests, more specifically eight. These songs were classi-
fied into four different types, defined according to emotional
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Table 1: Table of the music and tags used on tests.

Music type (tags) Artist, title

Calm positive Mike Oldfield, Harmonia Mundi
Pink Martini, White Christmas

Energetic positive George Benson, All Of Me
Jennifer Lopez, Let’s Get Loud

Dark calm David Sylvian, Bringing DownThe Light
Matanza, Clube dos Canalhas

Dark energetic Celine Dion, Regarde moi
Placebo, Meds

tags, informed by different users around the world in a
crowdsourcing technique, as proposed by [18]. After that,
the eight different music pieces could be separated in pairs,
according to the different tags. These songs and types can be
better observed in Table 1.

Brain activity data acquisition from participants was ran
atUniversidade Federal da Paráıba (UFPB).TheAuris System
was used as well as the tactile devices, and the deaf subjects
were invited to sit in an Auris Chair and/or use the Auris
Bracelet to feel the music vibrations. In the case of hearing
persons, they used an in-ear headphone for listening to the
music pieces.

2.2.3. Experiment Setup. In the two sessions of experiments,
we had a total of 13 participants (deaf or hearing person); their
ages and devices used on each test can be found on Table 2.

The pure audio signal was used in both tests, although
the Auris Filter provides different configurations of gain and
filters; it was necessary to evaluate the feedbacks provided by
the participants, before applying any modification on audio
signal. In addition, participants that used the Auris Bracelet
had just had contact with one configuration of the Auris
Bracelet (the most simple), in which each motor vibrates on
the same frequency and alternates the vibrating motor for
melody representation.

Participants that used the Emotiv device had their data
recorded using the Test Bench version 1.0.0.0 software pro-
vided by Emotiv SDK. For offline analysis we used EEGLAB
version 13.5.4b, importing the.edf file containing the data
acquired from each volunteer, using a BIOSIG load option.
Channels presented in the Emotiv interface were defined,
as well as their specific scalp locations. Before plotting the
data, the baseline from the sample was removed and the
Independent Component Analysis (ICA) decomposition was
executed.

After preprocessing the data, it was possible to plot
the graph spectra and maps, for analyzing a component
contribution at one specific channel and power. In our case,
the channel F3 and the frequency 12Hz were specified to
reproduce the graphs from 100 percent of the acquired data.

Previous work has shown that mental imagination of
sound generally elicits an increase of alpha band activity
(8–12Hz) in the electroencephalogram (EEG) [19]. Based on
that, we chose 12Hz in our data analysis.

Eminem, Cleanin'
Out My Closet

Tchaikovsky, Waltz
of the Flowers

Music

Frequency histogram

System Of A Down,
B.Y.O.B.

0
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Figure 3: Association betweenmusic and video by deaf participants.

3. Results

Experiments were conducted in order to evaluate the Auris
System. In the first session of experiments we evaluated the
audio-video correlation by the deaf participants, using the
Auris System.The evaluation consisted of usability question-
naires. Afterwards we conducted experiments that analyzed
the deaf and hearing patients feedback, through the EEG
signals acquired with the Emotiv device; the experiment aims
to evaluate the participants experience with quantitative data,
providing basis for establishing the differences between deaf
and listeners perception.

3.1. Questionnaire Results. The first session of experiment
evaluated the Auris Systemwith the support of visual stimuli,
in order to facilitate the comprehension of music. The users
were exposed to three different songs as soundtrack to a single
video instance. The participants were asked which of the
songs was best related to the video. We were able to produce
a frequency histogram analyzing the participants answers,
which are represented in Figure 3. The graphic expresses on
the 𝑥-axis the songs listened to by the participants and the 𝑦-
axis expresses the number of participants that chose that song
with the video.

The original audio from the video content was the
classical song by Tchaikovsky, Waltz of the Flowers. According
to the graphic it is possible to observe that most participants
have chosen the song by Eminem, Cleanin’ Out My Closet.
Despite the fact that these two songs have different styles, they
have similar tempo information.This common characteristic
was evidenced through hardware configurations of the Auris
Chair, which, for the test, was composed of speakers and
a loudspeaker component (subwoofer), that emitted filtered
audio, so the rhythmic information had a significant presence
in the music translation reproduced through the Auris
Chair.

Two different musical software programs were used to
extract specific musical aspects such as tempo, energy, and
key results from the used music.The software programs used
were Ableton Live 9 [20] and Mixed in Key 8 [21]. After this
extraction, we were able to construct Table 3.
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Table 2: Table of participants information and characteristics of the tests.

Test Participant Type Age Used devices
Auris Chair Auris Bracelet EEG

FUNAD

1 Deaf 15 X
2 Deaf 27 X
3 Deaf 28 X
4 Deaf 31 X
5 Deaf 46 X
6 Deaf 62 X

UFPB

2 Deaf 27 X X
7 Deaf 16 X X
8 Deaf 26 X X
9 Deaf 28 X X X
10 Deaf 29 X X X
11 Hearing person 20 X
12 Hearing person 23 X
13 Hearing person 23 X

Table 3: Table of musical analysis.

Music Tempo (bpm) Energy Key result
Tchaikovsky, Waltz of the Flowers 141.88 3 D
Eminem, Cleanin’ Out My Closet 147.99 4 Am
System Of A Down, B.Y.O.B. 97.23 7 G#m

Analyzing Table 3 we can perceive the similarity present
between Eminem, Cleanin’ Out My Closet, and Tchaikovsky,
Waltz of the Flowers, songs. Both songs express a similar
tempo and energy information, indicating that the Auris
Chair improves the rhythmical, dynamic, and volume infor-
mation from the audio input, according to the FUNAD test
participant’s answers.

Based on this scenario, we are able to foresee that the
possibility of audio-video association for deaf participants
can be enhanced by the use of the Auris System. Four
different profoundly deaf participants (born deaf) were able
to associate the song with the same tempo (“Cleaning out my
closet”) with the video.Themost precise association between
audio and video was made by one subject that was not deaf
from birth, choosing Tchaikovsky, Waltz of the Flowers. One
participant, which is profoundly deaf from birth, associated
the System Of A Down, B.Y.O.B.,music correctly.

The contact with the subjects and the stories and expe-
riences that they brought to our attention were as rich as
the data produced by these experiments. Most of those
experiences were regarding their relationship with situa-
tions that were audio centered or in which audio played
an important role (such as attending music concerts and
playing video games) and their workarounds to improve
such experiences (getting closer to the loudspeakers, using
headphones and/or loudspeakers touching the neck or palms
of the feet). Many different rounds and questionnaire test
versions were conducted until we were able to have sufficient
amount of data to analyze.

From those experiments we could empirically detect that
some subjects became more sensible to music through the

usage of the Auris System, and considering subjects with the
same profoundness of deafness, the distinguishing factor was
related to the subjects past activities and relationship with
audio centered situations. One particular subject highlighted
such suspicion: although he was born with profound deaf-
ness, he was able to distinguish most musical characteristics,
even being able to relate genres and similar bands—during
the interviews he stated that, during his whole life, he enjoyed
attending music concerts and standing close to the loud-
speakers. The other subjects, with the same level of deafness
and which did not demonstrate a high level of musical
sensitivity, all expressed in the interviews that they did not
have a history of attending audio centered events. Some even
mentioned that they felt socially excluded of such events.

In order to better understand the experience provided by
the Auris System and attenuate the amount of subjectivity
on the data that we were considering for our analysis and
in order to have more precise directions to identify which
elements of the system should be modified to produce a
better musical representation using other media than audio
(e.g., what parameters shall be considered for the audio
filtering and what tactile representation suits better this type
of harmony or melody), the next subsection discusses our
efforts in such direction, where EEG data collection was used
for the experiments.

3.2. EEG Results. For ease of presentation and hence under-
standing, all analyses were focused on data from the frontal
site in the left hemisphere, on channel F3. This channel
was selected because it is usually used in studies involving
auditory responses [22] and it is also included in vibrotactile
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Table 4: Table of relative topographic distribution of power, from representative deaf (1a and 2a), and hearing participants (1b and 2b) for
12Hz at channel F3. Each colored line represents the spectrum activity of one single data channel.
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discrimination loop [23]. In order to know which compo-
nents contribute most strongly to which frequencies in the
data, we plotted themean log spectrum of a set of data epochs
at all channels as a bundle of traces. For 12Hz we plotted the
relative topographic distribution of power (Table 4).

For construction of Table 4 the EEG data collected by the
deaf and hearing volunteers was used, which have listened
to/felt the same music tag, defined as energetic and positive,
according to Table 1.

Table 4 shows that similar components contribute
strongly to deaf participants, and other similar components
contribute strongly do hearing persons. Deaf participants
showed also a higher power for lower frequencies, what was
not seen in the hearing participants.

4. Discussion

This study evaluated the functioning and translation of audio
stimulus from music pieces to a different representation
using low frequency sound and tactile vibration in deaf and
hearing volunteers. The evaluation considered the recording
of brain signal with noninvasive EEG electrodes (using the
Emotiv device) while participants consumed music; the deaf

participants used the Auris System, composed of the drivers
Auris Chair and the Auris Bracelet.

The first results suggest that deaf patients that never
had a similar experience related to music were capable of
identifying and associating musical information concerning
the rhythm and energy present in the music, associating
them accordingly with a video presented to them, with the
exception of one participant that was not deaf from birth.The
audio-video association made by the deaf participants was
possible through the use of the Auris System and the Auris
Chair hardware.

Based on the previous findings and relating them to the
results presented by [5], in which deaf participants express
an nonsignificant effect after addition of the visuals element
combinedwith theHaptic Chair, we realized that the problem
is probably not related to the visual and tactile feedback asso-
ciation, suggesting the necessity ofmore depth studies related
to visual representation for music aimed at deaf people.

During the period of research development and survey
of the related works, we noticed that the previous findings
[4, 5] associated with our context presented their results
based on less objective evaluation mechanisms—the type of
information that can be obtained through EEG may express
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more. The state of the art presents findings in which the
participants provided the data through usability question-
naires, expressing the strength of emotions and perceptions
and explaining such information to a professional interpreter.
These evaluation methodologies were used in the first step
of our analysis, but a discomfort was perceived in the
participants, in addition to a difficulty in describing their
perceptions. Based on this and in other previous findings,
which use EEG signals as part of the evaluation [11, 24], the
necessity and the possibility for a more expressive feedback
are perceivable, exposed in the second session’s results.

With use of EEG, recent studies [25] recorded the mis-
match negativity of the auditory event-related potential to
changes in musical features in adolescent cochlear implants
users and in normal-hearing age mates. They reported that
behavioral discrimination of rhythm and melodic contour
may be significantly improved, even from short term training,
whereas detection of changes in pitch was poor and unaf-
fected by music training.

Music interpretation was a hard task for some deaf
participants. We believe that, despite the translation of music
elements (rhythm, harmony, melody, and timbres), patients
had no previous experience to these vibrations patterns
and, even though they maybe perceiving, they could not
differentiate important elements of the songs.We believe that
continuous musical stimulation using different media other
than audio during daily life activities would support a natural
learning curve for a pattern recognition that enhances music
experimentation.

Further studies are necessary to clarify brain dynamics
associated with vibrotactile and bass-sound impact in deaf
people. Such understanding will guide the development of
a better musical representation that is not any translation,
but one that might lead to experiences similar to those
experimented by hearing people.

5. Conclusion

The presented results are encouraging, but there is still a
long way to develop a system that significantly helps people
with some degree of deafness to achieve a satisfactory level
of musical perception. Nevertheless, the learning resulting
from conducting the tests exceeded our expectations. Several
reports and empirical conclusions from the tested subjects
were also primordial for the accomplishment of this work.
The need to improve the representation system is evident
and urgent, so users can easily identify the different elements
involved in music (rhythm, harmony, melody, and timbres)
and offer better ways of representing and expressing these
elements (visual stimuli, more levels of tactile stimuli, etc.); it
is clear that the methodology evaluation has also to consider
a broader universe of subjects and particularities involved in
musical perception, such as cultural context (e.g., different
cultures use different musical scales and focus on different
elements and thus people from different places may perceive
music differently).

The evaluation methodology was based mainly on the
interpretation of EEG data; thus a more in-depth interpre-
tation of the new data generated on the forthcoming tests is

required and also a bigger universe of test to analyze. Those
data should be used to better understand how the musical
cognition happens by hearing persons and to produce a
better understanding of what the Auris System’s users are
experimenting, so we will have better possibilities to bring
one experience closest to the other.

The Auris representation system (currently consolidated
in the chair) is being redesigned in two versions: one with
miniaturized components such as mobile/wearable option
and another to coexist in environments where sound is
consumedbyhearing people. An integrationwith theVLibras
system [9] is under development, which will make VLibras
able to representmusical information by offering a visual rep-
resentation of musical elements—when used with the Auris
system, the avatar of the VLibras system presents the lyrics
of the song in LIBRAS (Brazilian sign language), moving the
trunk according to the rhythm and emphasizing moments of
apex. Other visual references representing musical elements
are being studied to be used along with the VLibras avatar.

Our preliminary results reinforce findings of [26], where
vibrotactile channel functions as a valuable feedback modal-
ity in a BMI-controlled setting. With improvements of stim-
ulation paradigm, training protocol, and device functioning
we believe that people with different levels of hearing impair-
ment will be able to use this music translation device in their
daily life activities in the future.
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Autism spectrum disorder (ASD) is a neuropsychiatric disorder characterized by the impairment in the social reciprocity,
interaction/language, and behavior, with stereotypes and signs of sensory function deficits. Electroencephalography (EEG) is
a well-established and noninvasive tool for neurophysiological characterization and monitoring of the brain electrical activity,
able to identify abnormalities related to frequency range, connectivity, and lateralization of brain functions. This research aims
to evidence quantitative differences in the frequency spectrum pattern between EEG signals of children with and without ASD
during visualization of human faces in three different expressions: neutral, happy, and angry. Quantitative clinical evaluations,
neuropsychological evaluation, and EEG of children with and without ASD were analyzed paired by age and gender. The results
showed stronger activation in higher frequencies (above 30Hz) in frontal, central, parietal, and occipital regions in the ASD group.
This pattern of activation may correlate with developmental characteristics in the children with ASD.

1. Introduction

Autism spectrum disorder is a neurodevelopmental disorder
with well-defined diagnostic criteria such as communica-
tions/social interaction and behavior deficits, with restricted
and repetitive interests and activities [1, 2]. These social
communication disturbances present a complex and hetero-
geneous pattern and for that reason fit in a spectrum andmay
present various patterns of severity in symptoms or evolution
profile. The initial publications about the autism spectrum
disorder were only in the form of case reports [3, 4]. In 1966,
the first epidemiological study suggested the occurrence of

4.5 children with ASD per 10,000 inhabitants in the age range
of 8 to 10 [5]. However, further studies realized in Europe,
United States, Canada, and Japan suggest an increase in this
incidence, with values of 10, 30, or even 60 cases per 10,000
inhabitants [6]. Nowadays, the ASD seems to affect approx-
imately 1 in 68 children, most common among boys [7].
There is a suggestion of increased incidence and prevalence
of ASD worldwide [8]. This increase is probably due to the
changes in the diagnostic criteria [9], emergence and devel-
opment of diagnostics, early intervention services, and more
direct approaches related to the diagnosis of the disorder
[10].
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Table 1: Participants demographics.

Experimental group (ASD) Control group
Age(yrs) Gender Language structure Age at diagnosis (yrs) Age Gender Language structure

Subject 1 10 Male Sentences 5 Subject 9 10 Male Verbal fluency
Subject 2 12 Female Phrases 5 Subject 10 12 Female Verbal fluency
Subject 3 6 Male Word 2 Subject 11 6 Male Verbal fluency
Subject 4 7 Male Sentences 3 Subject 12 7 Male Verbal fluency
Subject 5 8 Male Sentences 4 Subject 13 8 Male Verbal fluency
Subject 6 9 Male Word 4 Subject 14 9 Male Verbal fluency
Subject 7 5 Male Sentences 3 Subject 15 5 Male Verbal fluency
Subject 8 11 Male Sentences 4 Subject 16 11 Male Verbal fluency

The ASD diagnostics are realized according to the obser-
vation of initial symptoms in early childhood with impair-
ments in their daily functionality [2], neurodevelopment,
children’s behavioral characteristics, and objective clinical
analysis.The clinical signs should fulfill the diagnostic criteria
described in theDiagnostic and StatisticalManual for Autism
(DSM-V). Questionnaires, checklists, and diagnostic scales
support the evaluation and confirm the diagnosis [11]. Chil-
dren with ASD can present a heterogeneous clinical picture,
in which the behavioral symptoms prevail. Such facts boost
a search for biological markers of the disorder using different
tools, for example, the electroencephalogram (EEG), the Eye-
Tracker, the Functional and Structural Magnetic Resonance
Imaging (fMRI or MRI), Positron Emission Tomography
(PET), and Computerized Tomography (CT) based on emis-
sion of single photon (SPECT) [12]. These tools have been
increasingly exploited in scientific research.

Abnormal EEG activity of the epileptic type occurs in
30% of the cases of ASD, even without epileptic seizures [13].
Paroxysmal discharges and slow focal activity were registered
in the temporal region in EEG of patients with the dis-
order, especially those with developmental regression [14].
Although EEG can provide important information about
brain function during resting and stimulation, the qualitative
visual signal analysis of time domain seems to be insufficient
to consider a pathognomonic pattern for the ASD [15]. Tech-
niques for quantitative analysis, such as the Fourier Trans-
form, favor a more detailed frequency analysis by bandwidth
and its characteristics. EEG analysis of children with ASD
shows differences in brain electrical signals compared to chil-
dren without ASD [5, 16]. A reduction in the power spectrum
in the alpha bandwidth (4–8Hz) was previously observed
in EEGs of children with ASD during rest [14]. Also, hemi-
spheric asymmetry of activity has been shown, such as greater
activity in the left frontal lobe when observing happy facial
expressions with smiles [17] and decreased activity in the
same region when observing facial expressions of fear [18].
It was also observed that a theta power spectrum in the
frontal midline (Fm) is related to emotional states. Sammler
and colleagues proposed that pleasant emotions (opposed to
unpleasant) are related to the increase in the theta power

density in the Fm [19]. Thus, in light of previous studies and
considering the behavioral component in the diagnosis of
ASD, it is expected that the use of the EEG to access neural
activities elicited by social stimuli has the potential of provid-
ing a quantitative analysis of impairment in social interaction
activities of this group [20].

Neuropsychological patterns verified in ASD might sug-
gest the involvement of other brain regions. The difficulty
in maintaining attentional focus or the behavior of paying
attention to a face or object details instead of the whole pic-
ture might be related to difficulty in shared attention and in
the executive function, capabilities that involve the frontal
region.

The current study aims to show quantitative differences in
the frequency spectrum pattern between the EEG of children
with and without ASD before and during the observation of
human faces. We believe that finding these differences can
lead to a better understanding of how these children could
potentially be better stimulated and taught using their respec-
tive preference of human faces or figure faces.We hypothesize
that social interaction impairment present in children with
ASD, when compared with children without ASD, can occur
due to a deficit in the visual processing of human faces.
In addition, we also hypothesize that the brain’s electrical
activity presents a different quantitative pattern in the power
spectrum in the bandwidths during the observation of
stimulus such as human faces with different emotion expres-
sions.

2. Materials and Methods

2.1. Participants. This research was authorized by the Ethics
Committee of the Federal University of Rio Grande do Norte
(CAAE 46207015.0.0000.5537). The consent form was read
and explained to the parents, and after their agreement,
they signed the consent form. EEG data were recorded at
the Anita Garibaldi Center for Education and Research in
Health (CEPS). Sixteen children participated in the study:
eight with ASD and 8 without ASD. All of them were
from the same metropolitan region and were paired by age
(Table 1). The age of the participants varied from 5 to 12 years
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Figure 1: Images showing human faces with neutral, happy, and angry expressions.

(𝑀 = 8.44, SD = 2.24), and only two (one of each group) were
female.The inclusion criteria for the groupwithASDwere the
presence of the diagnostics realized by a neuropediatrician
after neuropsychological evaluation. For the children of
the control group, it was necessary to test for intellectual
disability with the ASD diagnostics, also by the same team.
Children with epileptic seizures in the last 3 years did not
participate in the research. Subjects who did not cooperate
to perform the exam also were excluded and respective data
were not included in the analysis.

The ASD diagnostics were realized by a neuropediatric
physician, considering the fulfillment of the diagnostics cri-
teria of the DSM-V, the neuropsychological evaluation with
the childhood autism rating scale (CARS), an IQ test, and
language evaluation.

2.2. Experimental Setup

2.2.1. EEG. EEG-1200 (Neurofax, Nihon Kohden, Tokyo,
Japan) was used for noninvasive brain electrophysiological
signal acquisition (sampling rate 1.000Hz) with 22 electrodes
(Ag/AgCl disk electrode, 10/20 distribution with ear lobes
ground) positioned with previous scalp preparation (cleaned
with neutral soap, dry and no hair creams or hair products,
and impedance lower than 5 kΩ). EEG data were recorded
and synchronized (StimTracker ST-100, Cedrus, USA) with
visual stimulation and eye-tracking.

2.2.2. Visual Stimuli. Visual stimuli with 30 human faceswere
presented on a grey background (Figure 1). The faces were
paired by expression and classified into three groups: 10
neutral, 10 happy, and 10 angry.

All stimuli were size dimensioned and standardized to
keep equivalent distances between the eyes, mouth, and nose
in a central square area of the 17 LCD screen (100Hz, Sam-
sung) 60 cm from the participant’s eyes. E-Prime� 2.0 soft-
ware (Psychology Software Tools, Inc., USA) presented in
a sequence (happy-neutral-angry faces), interspersed by a
fixation point in the center of the screen. Each face was
presented for 3 seconds with 0.5 to 1.0 s of interval controlled
by Mangold Vision 3.9 (Mangold International GmbH, Ger-
many) software in programmed sequence and time.

2.2.3. Eye-Tracking. An Eye-Tracker (Eye-Tech TM3 60Hz,
Mesa, USA) was positioned under the screen to ensure the

participants were looking at fixation point and visual stimuli
during the task.

2.2.4. Task. Participants sat comfortably in a quiet dimmed
room 60 cm from the LCD screen with EEG electrodes. They
were instructed to keep the eyes at the fixation point and
look at the image during the presentation. After eye-tracking
calibration, EEG recording started two minutes before the
visual stimulation.

2.3. Data Preprocessing. EEG data underwent preprocessing
with a custom MATLAB (Mathworks, USA) script, EDF
Browser (© Copyright 2017 Teunis van Beelen), and Python
(Python Software Foundation).

2.3.1. EDF Browser. EDF Browser converted raw EEG data
to ASCII format compatible with Python and MATLAB.The
epochs to be analyzed were correctly separated according
to the stimuli marker registered during the experiment in
order to organize files. Thus, for each subject, three files
were generated containing, respectively, all epochs of happy,
neutral, and angry faces, for all EEG channels.These fileswere
then processed by Python Programming Language.

2.3.2. Python Programming Language. Python libraries for
data manipulation and analysis were used to organize sets of
trials with all subjects of each group and separate channels.
This resulted in.csv files with raw EEG data of subjects for
each type of stimuli and for each channel. Thereafter, these
files were processed by MATLAB.

2.3.3. MATLAB. A MATLAB code designed a 6th-order
bandpass Butterworth filter with a lower cutoff frequency
of 1Hz and a higher cutoff frequency of 100Hz. A Notch
filter removed the frequency component of the electrical
grid (58–62Hz). Moreover, a technique for detecting spectral
perturbation related to the event (ERSP) was implemented.
The ERSP consists of a tool to observe the variations on
local field potentials related to the event by calculating the
mean and the standard deviation of the EEG signal in order
to normalize the signal prior to the event. Each epoch
has −500ms before stimulus presentation and +3.500ms.
Spectral features related to the event were calculated for this
time window. After that, the same procedure was done in the
event epochs, where they were analyzed with the ERSP tool
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Figure 2: ERSP of (a) F3 and (b) F4 electrodes for the total mean of samples for angry expression signal in an interval of 3 seconds (plus a basal
activity of 500ms before and after an event) for ASD and control groups that showed significant variations or spectral perturbations.TheERSP
image in the upper panel presents the ERSP (Event-Related Spectral Perturbation) data in dB, with mean baseline spectral power subtracted
at each time in the epoch.The upper left marginal panel presents mean spectral power during the baseline period (blue). The marginal panel
under the ERSP image shows the maximum (red) and minimum (blue) ERSP values relative to baseline power for each frequency.

in order to calculate the variation or spectral perturbation
related to the event occurrence.

3. Data Analysis and Results

3.1. Clinical Results. Group ASD presented verbal patterns,
with 37.5% able to speak few words and sentences, but not
enough to maintain a dialogue. Control group also presented
verbal patterns, with 100% able to speak fewwords, sentences,
and adequate conversation. All children were attending
school, 50% of group ASD were literate, and 50% were in the
presyllabic stage. In the control group, only one subject (4
years old) was in the presyllabic stage and the others (87%)
were literate.

The ASD’s diagnostic age was 4.77 years (SD = 2.30). The
ASDparents’ age was 40.37± 4.59 years and the control group
parent’s age was 34.62 ± 8.17 years. The predominant parent’s
education level was college (43.8%) for the ASD group
and high-school (56.3%) for the control group. The average
income for both groups was between 1 and 5 minimum
salaries (75%).

3.2. EEG Power Spectral Density. EEG Power Density Spec-
trograms were generated using MATLAB for the mean of

ASD and control group. Differences between ASD and con-
trol groups were observed in power spectrum parameters,
with stronger activation for Gamma band (above 30Hz), and
along frontal, central, parietal, and occipital electrodes.

For the ASD group, the major activation was verified in
the Fp and F electrodes for frequencies above 20Hz, in the
parietal and central electrodes for frequencies between 40
and 50Hz, and in the occipital electrodes for frequencies
above 40Hz. In a lower incidence, there was also an increase
of slow activity (below 8Hz) in the frontal, parietal, and
occipital regions. In general, the major activation occurred in
the left brain hemisphere for the ASD group.

Graphics were generated with the mean of each group
according to the type of stimulus (neutral, happy, and
angry expressions) and only graphics that showed differences
between the ASD and control groups were presented. In this
case, the distinctness of the evaluation responses was con-
firmed in the F3/F4, C3/C4, P3/P4, and O1/O2 electrodes. In
frontal electrodes, the activation was bigger in the ASD group
and mainly in higher frequencies (above 30Hz), but it was
also increased in the theta and delta bands for angry faces, as
shown in Figures 2(a) and 2(b).

In parietal electrodes, the differences between the groups
were also verified. ASD group presented more activation in
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Figure 3: ERSP of P3 (a, b) and P4 (c) electrodes for total mean of samples of the neutral (a), and angry (b), and (c) faces signals in interval of
3 seconds (plus a baseline activity of 500ms before the event) for ASD and control groups that showed significant spectral perturbations. In
ERSP image, the upper panel presents the ERSP (Event-Related Spectral Perturbation) data in dB, with mean baseline spectral power (in dB)
subtracted at each time in the epoch. Upper left marginal panel presents the mean spectral power during the baseline period (blue). Marginal
panel under the ERSP image shows the maximum (red) and minimum (blue) ERSP values relative to baseline power at each frequency.

slow frequencies (below 5Hz) for neutral faces on electrode
P3 and higher frequencies (above 30Hz) for neutral faces
as well as for angry faces, having a symmetric pattern only
for the latter (Figure 3). Analysis of variance showed a main
effect for Gamma band on electrodes P3, 𝐹(1, 1118) = 9.55,
𝑝 < .000, and P4, 𝐹(1, 1118) = 6.20, 𝑝 < .000. Post hoc
independent-samples 𝑡-test indicated that scores for elec-
trode P3 were significantly higher for the ASD group (𝑀 =
.255, SD = .341) than for the control group (𝑀 = .071, SD
.200), 𝑡(1118) = 11.1, 𝑝 < .001.

The C3 and C4 electrodes showed higher bilateral activa-
tion in all frequency bands in the ASD group to the stimulus

of neutral (Figure 4) and angry (Figure 5) faces. Analysis of
variance showed amain effect for Gamma band on electrodes
C3, 𝐹(1, 1118) = 8.36, 𝑝 < .000, and C4, 𝐹(1, 1118) = 75.1,
𝑝 < .000. Post hoc independent-samples 𝑡-test indicated that
scores for electrode C3 were significantly higher for the ASD
group (𝑀 = .287, SD = .340) than for the control group
(𝑀 = .114, SD .266), 𝑡(1118) = 9.47, 𝑝 < .001, and the same
pattern was found for electrode C4, where the ASD group
were higher (𝑀 = .255, SD .327) than for the control group
(𝑀 = .103, SD = .253), 𝑡(1118) = 8.67, 𝑝 < .001.

The activation was similar for parietal and central regions
on neutral faces (similarity just on the left side) and mainly
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Figure 4: ERSP of (a) C3 and (b) C4 electrodes for the total mean of samples of the neutral faces signals in the interval of 3 seconds (plus a
basal activity of 500ms before the event) for the ASD and control groups that showed significant spectral perturbations. In the ERSP image,
the upper panel presents the ERSP (Event-Related Spectral Perturbation) data in dB, with mean baseline spectral power (in dB) subtracted
at each time in the epoch. The upper left marginal panel presents the mean spectral power during the baseline period (blue). The marginal
panel under the ERSP image shows the maximum (red) and minimum (blue) ERSP values relative to baseline power at each frequency.

for angry faces (bilateral similarity). Neutral faces showed an
increase of spectral power between 10 and 100Hz, mostly at 2
seconds, in C3, C4 (Figure 4), and P3 channels (Figure 3(a)),
but only for ASD group.

For angry face stimulus, spectral power was higher in
higher frequencies (between 20 and 50Hz), on C3 and C4
channels, at 1.5 seconds (Figure 5). The P3 (Figure 3(b)) and
P4 (Figure 3(c)) channels similarly showed higher power in
higher bands (above 60Hz).

For the happy face stimulus, the C3 and C4 channels of
the control group presented activation in frequencies under
8Hz from the beginning of the stimuli till 2 seconds later
(Figure 6). Simultaneously, there was an activation in higher
frequencies (above 30Hz). However, in ASD group, there
was desynchronization mainly in higher frequencies (above
30Hz) until the end of the stimulus.

Differences occurred in occipital electrodes in the ASD
group for the three types of faces, and there was a bilateral
desynchronization, but mainly in the left hemisphere for
neutral faces (Figure 7(c)). Also, on the left hemisphere,
there were differences between happy and angry faces due
to a significant increase in spectral power in all frequency
bands, mainly the higher bands right after the happy pattern
stimulus (Figures 7(a) and 7(b)) and during the angry

pattern stimulus (Figure 8). In this case, significant activation
occurred to the right hemisphere also in the ASD group
before happy faces and there was no asymmetry in the control
group (Figures 7 and 8).

4. Discussion

In this study, EEG analyses in children with ASD diagnostics
paired with children without ASD were compared during the
observation of faces with neutral, happy, and angry expres-
sion. Children with ASD presented stronger power spectrum
in higher frequencies than the control group for some brain
areas. Differences were more evident in occipital and center-
parietal regions. Central regions showed a similar pattern to
parietal, with same power activation in the same time that
the stimulus was presented. Given the clinical evidence of
an emotional, cognitive, and behavioral deregulation [21],
one of the possible explanations is a perturbation in brain
function with stronger or weaker connectivity between areas
like the amygdala and prefrontal ventrolateral cortex and
orbitofrontal cortex [21].

Developmental psychology suggests that children imitate
facial gestures from an early age. This premature imitation
might be related to a direct connection from a visual input



BioMed Research International 7

ERSP, Channel C3 ERSP (dB)

−20
−15
−10
−5
0
5
10
15
20

−500 0 500 1000 1500 2000 2500 3000 3500
−80
40

Time (ms)

(d
B)

10
20
30
40
50
60
70
80
90

100

Fr
eq

ue
nc

y 
(H

z)

ERSP, Channel C3 ERSP (dB)

−20
−15
−10
−5
0
5
10
15
20

−500 0 500 1000 1500 2000 2500 3000 3500
−60
20

Time (ms)

(d
B)

10
20
30
40
50
60
70
80
90

100

Fr
eq

ue
nc

y 
(H

z)

−80 0
(dB)

−80 0
(dB)

ASD group Control group

(a)

−60
20

(d
B)

ERSP, Channel C4 ERSP (dB)

−20
−15
−10
−5
0
5
10
15
20

−500 0 500 1000 1500 2000 2500 3000 3500
−60
20

Time (ms)

(d
B)

10
20
30
40
50
60
70
80
90

100

Fr
eq

ue
nc

y 
(H

z)

ERSP, Channel C4 ERSP (dB)

−20
−15
−10
−5
0
5
10
15
20

−500 0 500 1000 1500 2000 2500 3000 3500

Time (ms)

10
20
30
40
50
60
70
80
90

100

Fr
eq

ue
nc

y 
(H

z)
−80 0

(dB)
−80 0

(dB)

ASD group Control group

(b)

Figure 5: ERSP of (a) C3 and (b) C4 electrodes for the total mean of samples of the angry faces signals in the interval of 3 seconds (plus
a basal activity of 500ms before the event) for the ASD and control groups that showed significant variations or spectral perturbations. In
the ERSP image, the upper panel presents the ERSP (Event-Related Spectral Perturbation) data in dB, with mean baseline spectral power (in
dB) subtracted at each time in the epoch. The upper left marginal panel presents the mean spectral power during the baseline period (blue).
The marginal panel under the ERSP image shows the maximum (red) and minimum (blue) ERSP values relative to baseline power at each
frequency.

to a specific motor output [22]. This function is related to the
systems of mirror neurons [23]. Failures in this system may
be related to the social cognition deficits of ASD.This system
suggests a strong relationship between action and intention
recognition with social cognition, since it seems to regulate
premotor cortex during observation action [24].

It is believed that mirror neurons form a system localized
in the inferior parietal lobe, inferior frontal gyrus, superior
temporal sulcus, and parietal-frontal lobe. Mirror neurons
can be activated by visual stimulus. It was observed that, for
visual stimuli indicating action, children with ASD present
stronger activation of primary motor areas when compared
to activation in the supplementary motor area [25].

Formation of the local network is needed for typical
development in childhood and, after that, distribution of
neural network in the teenage years and adult phase [26].
ASDchildren seem tohave an atypical organization of the pri-
mary motor cortex, resulting in a subconnectivity with weak
and short functional reach [26]. These subnetworks might
generate execution loss of gestures linked to communication
with consequent influence on social behavior [26].

Children with ASD can present differences in brain activ-
ities in visual-spatial processing related to object recognition
(occipital, temporal, and ventral) and localization of objects

in space (parietal, temporal, and dorsal). Communication
failures between the dorsal and ventral pathways can harm
the visual processing [27] and a lesion in these areas can lead
to visual negligence and spatial distortions of body move-
ments [27]. Various neurophysiological studies [7, 28–30]
have tried to correlate these clinical symptoms through the
demonstration of deficiencies or functional abnormalities of
neural networks.

The findings of this study can be correlated to the clinical
signs of children with ASD. The hypothesis is that, in ASD
children, a deficit in facial expression processing will occur,
with consequent failure in the storage for posterior access.
The primary visual and primary motor areas are well acti-
vated, with some influence of decoding of the parietal lobe.
Because of that, a bigger power spectrum might have oc-
curred practically of the same pattern of central and parietal
regions. It is believed that, in C3 and C4 electrodes during the
stimuli of neutral and angry face, the presence of excessive
fast rhythm in the ASD group when compared to the control
group is probably due to the bottom-up activation. These
failures of connectivity promote a mirror neurons system
behavior similarly to the imitation of immature children that
presents the direct conversion of the stimulus input (primary
visual cortex) and motor output (motor cortex). In contrast,
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Figure 6: ERSP of (a) C3 and (b) C4 electrodes for the total mean of samples of the happy faces signals in the interval of 3 seconds (plus
a basal activity of 500ms before the event) for the ASD and control groups that showed significant variations or spectral perturbations. In
the ERSP image the upper panel presents the ERSP (Event-Related Spectral Perturbation) data in dB, with mean baseline spectral power (in
dB) subtracted at each time in the epoch. The upper left marginal panel presents the mean spectral power during the baseline period (blue).
The marginal panel under the ERSP image shows the maximum (red) and minimum (blue) ERSP values relative to baseline power at each
frequency.

children with ASD have visual tracking patterns with greater
fixation in regions important for emotional expressiveness
(such as eyes andmouth) when exposed to happy face stimuli
[28]. This behavior may help a more emotional maturity
processing and therefore, a cerebral hypoactivation in C3 and
C4 for fast frequency bands in this group in relation to the
control was observed in this study. Similarly, there is a flaw in
the rendering of faces with emotion mainly for neutral and
angry expressions.

Another explanation for the motor deficits of child with
ASD is the failure in visual and motor circuitry. Stereotyped
and repetitive behaviors are reported in 64% of the ASD cases
and the child realizes the inadequate movements mainly in
the attempt of sensory regulation as a mechanism of an orga-
nization [31]. In ASD, proprioceptive prejudice associated
with reception failure and visual stimuli processing harms
motor learning and contributes to the motor behavior and
social inappropriateness [32], facilitating the presence of the
stereotyped and repetitive behavior. The sensory processing
disorder (hypo- or hyperresponsive) may be related to the
origin of the functional limitations of the child [33]. Also,
there might be some prejudice in motor planning because
of the inappropriate visual processing in the ASD. Knowing
that the motor and sensory systems cooperate with each

other [34], the joint failure of these systems can cause motor
dysfunction. A second possible explanation for this study
having verified more activation of fast frequencies in the
center region is neural plasticity. In children with ASD,
failure in sensory/visual processing and in planning together
can promote differentiated motor behavior that might occur
due to the activation of groups of neurons of primary
function without regulation. ASD children might have a
failure in the visual processing because of a modification in
the communication between dorsal and ventral pathways,
which are mediated by connections with the frontal cortex
[27]. The failure of the visual processing can promote more
activation in the primary visual area.

In this study, a high activation in the occipital areas was
found. Bigger activation in O1 and O2 that occurred when
happy and angry face group were presented might be due to
stronger activation of the primary visual cortex relative to the
control group. It is known that in ASD there are failures in
visual perception and that it seems to cause more fixation
to parts of the stimulus relative to the whole, and also there
are erratic visualization patterns [35].This more intense focal
fixation and probable prejudice of face processing can justify
the observed pattern. Maybe in the neutral face, the pattern
did not occur because there were no “distractors” such as the
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Figure 7: ERSP of (a) and (c) O1 and (b) O2 electrodes for the total mean of the samples of the happy (a) and (b) and neutral (c) faces signals
in the interval of 3 seconds (plus a basal activity of 500ms before the event) for the ASD and control groups that showed significant spectral
perturbations. In the ERSP image, the upper panel presents the ERSP (Event-Related Spectral Perturbation) data in dB, with mean baseline
spectral power (in dB) subtracted at each time in the epoch. The upper left marginal panel presents the mean spectral power during the
baseline period (blue). The marginal panel under the ERSP image shows the maximum (red) and minimum (blue) ERSP values relative to
baseline power at each frequency.

muscular contraction that occurs in other expressions which
attract more focal attention.

5. Conclusion

The analysis of the power spectrum in children with ASD
during visual stimulus of happy, neutral, and angry faces
demonstrated an increase of power in higher frequencies
(above 30Hz) in the ASD group in frontal, occipital, and
center-parietal areas when compared to control group. More
studies are needed to better understand these differences.
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Figure 8: ERSP of (a) O1 and (b) O2 electrodes for the total mean of the samples of the angry faces signals in the interval of 3 seconds (plus
a basal activity of 500ms before the event) for the ASD and control groups that showed significant variations or spectral perturbations. In
the ERSP image, the upper panel presents the ERSP (Event-Related Spectral Perturbation) data in dB, with mean baseline spectral power (in
dB) subtracted at each time in the epoch. The upper left marginal panel presents the mean spectral power during the baseline period (blue).
The marginal panel under the ERSP image shows the maximum (red) and minimum (blue) ERSP values relative to baseline power at each
frequency.
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Advances in neural interfaces have demonstrated remarkable results in the direction of replacing and restoring lost sensorimotor
function in human patients. Noninvasive brain-computer interfaces (BCIs) are popular due to considerable advantages including
simplicity, safety, and low cost, while recent advances aim at improving past technological and neurophysiological limitations.
Taking into account the neurophysiological alterations of disabled individuals, investigating brain connectivity features for
implementation of BCI control holds special importance. Off-the-shelf BCI systems are based on fast, reproducible detection
of mental activity and can be implemented in neurorobotic applications. Moreover, social Human-Robot Interaction (HRI) is
increasingly important in rehabilitation robotics development. In this paper, we present our progress and goals towards developing
off-the-shelf BCI-controlled anthropomorphic robotic arms for assistive technologies and rehabilitation applications. We account
for robotics development, BCI implementation, and qualitative assessment of HRI characteristics of the system. Furthermore, we
present two illustrative experimental applications of the BCI-controlled arms, a study of motor imagery modalities on healthy
individuals’ BCI performance, and a pilot investigation on spinal cord injured patients’ BCI control and brain connectivity. We
discuss strengths and limitations of our design and propose further steps on development and neurophysiological study, including
implementation of connectivity features as BCI modality.

1. Introduction

Advances in neural interfaces including implantable neu-
ral prosthetics and brain-computer interfaces (BCIs) have
recently demonstrated remarkable results in the direction of
replacing [1, 2] or even restoring [3, 4] long-lost sensorimotor
function in human patients. Pathological conditions like
spinal cord injury (SCI), amyotrophic lateral sclerosis, and
stroke, among others, compromise an individual’s physical
and psychological well-being and result in social seclusion
due to the severance between volition and the ability to

act [5]. SCI in particular results in disconnection of afferent
and efferent neural pathways and can cause permanent
sensorimotor disability, often without any cognitive alter-
ation, which negatively impacts the lives of the victims and
their families [6]. BCIs aim to bridge this disconnection by
detecting and decoding brain activity, thus allowing patients
to control external devices, robotics, and exoskeletons [1–5].
Nonetheless, chronic SCI has been demonstrated to induce
neurophysiological changes in brain structure [7] and func-
tion, both at resting state [8] and during sensorimotor process
[9].These neurophysiological changes could negatively affect
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the design and development of robust and durable BCIs for
motor restoration [4, 10]; hence they should be systematically
investigated further [11].

Despite recent technological breakthroughs in BCI
research, in terms of reliability, accuracy, and speed, the best
results in robotics and neural prosthesis control have been
demonstrated by invasive technology (neural implants) [1, 2,
12, 13]. Noninvasive BCIs, on the other hand, are far more
widespread and hold many relative advantages, including
simplicity, safety, lower cost, and range of applications [14, 15].
Moreover, novel paradigms and recent advances in noninva-
sive BCI protocols also aim at progressively improving past
technological and neurophysiological limitations to levels
comparable to invasive BCIs [16, 17]. Such a paradigm, taking
into consideration the aforementioned neurophysiological
alterations that disabled individuals demonstrate compared
to healthy users [11], lies with investigating brain connectivity
features for implementation of BCI control [17–19]. Commer-
cial electroencephalography (EEG) BCI systems, as another
approach, are based on fast, reproducible detection of a low
number of mental states and have taken the spotlight in con-
sumer applications. They are even increasingly considered
for robotics control [20, 21], often employing the detection
of motor imagery (MI) states. The mental execution of an
action, MI, displays similarities in brain activation [22, 23]
with physical execution and as such has also been deployed
in rehabilitation andBCI applications for disabled individuals
[5, 14]. MI consists of a visual and a kinesthetic component,
corresponding to two task-dependent and distinct neural
contributing systems [24–26]. Visual motor imagery (VMI)
implies that a representation of the motor task is provided
(e.g., video or avatar), while kinestheticmotor imagery (KMI)
is based on internal simulation or rehearsal of the task.
While networks formed during VMI and KMI both involve
motor related cortical areas, VMI also involves the occipital
and superior parietal cortical areas while KMI involves the
inferior parietal cortex [24, 26].

Even past the challenges and limitations of BCI sys-
tems, the design of a robotic arm for medical engineering
applications, such as rehabilitation and assistive technologies
for disabled individuals, constitutes a challenge on multiple
fronts, including engineering problems, design requirements,
and budget cost issues [27]. Designing a custom-made
robotic arm allows for greater flexibility and negates the need
to purchase expensive research-level robotics. It also raises
several issues: reduced accessibility to directly comparable
experimental findings by other research groups [28], lack
of standardization, harder validation of experimental results,
and increased difficulty in assessing suitability to nonspecific
applications [29] compared to similar commercially available
robotic products.

While programmable automation design can be traced
back to Ancient Greece [30], modern transistor-based elec-
tronics during the latter half of the 20th century have allowed
for complex electromechanical devices (mechatronics) of
unprecedented programmability, precision, speed, strength,
and durability. Subsequent integration of sensors and pow-
erful digital microprocessors has increased the versatility of

modern robots and medical applications (surgical applica-
tions, mechatronic prosthesis, and rehabilitation) are devel-
oping fast. Currently robotic systems are constantly under
direct human control, but semiautonomous algorithms are
also under development [31]. Constant advances in artificial
intelligence algorithms mean that robots with medical deci-
sion support capabilities may be a likely next technological
step [32]; however careful planning and public debate are
required to ensure a human operator remains in the loop at
all times to assume legal and ethical responsibility [33].

To that end, social robotics and Human-Robot Inter-
action (HRI) are considered important—yet sometimes
overlooked—aspects of robotics development [34, 35]. User
perception, satisfaction, and overall experience are of equal
importance to hardware/software performance and quality
standards [36]. Especially in fields such as rehabilitation that
depends on human psychology, the success of a robot cannot
be meaningfully assessed using technological performance
and industrial integration criteria alone [36]. The accommo-
dation of registering an external machine as a part of one’s
own body schema, which significantly affects the rehabili-
tation process, should also be taken into account [37]. HRI
psychological and social characteristics can be investigated
with questionnaires, carefully correlating psychological per-
ception measurements with the characteristics of the robotic
system used [34, 37]. The Godspeed questionnaire was
selected for our purposes due to providing reproducible and
comparable subjective measurements and sufficient coverage
of HRI-related psychological states [36]. Such tools can prove
invaluable in developing improved medical robotics particu-
larly for prosthesis and rehabilitation applications [38].

In our previous work we have already presented the
conceptual design and development of the Mercury robotic
arm for biomedical applications and dealt with construction
standards and validation tests [21]. We implemented a Body-
Machine Interface (BMI) control module and conducted a
pilot end-user assessment experimental study [39], focusing
on both the technical characteristics and performance, as
well as on HRI [36]. Our research team has since further
improved the robotic arms in terms of anthropomorphism
and allowing for movement alongmore Degrees-of-Freedom
(DoFs) through the addition of a gripper resembling a human
hand. We also improved the electronics and integrated a
second symmetric Mercury arm into the system [40].

In the remainder of this paper we present our progress
and goals towards developing off-the-shelf BCI-controlled
robotic arms for assistive technologies and rehabilitation
applications. In Materials and Methods, we first account for
further development of the robotic arms and electronics,
including a qualitative assessment study of the BMI module.
We subsequently report on the implementation of the BCI
control module using an off-the-shelf EEG-BCI system and
the development of BCI-robotics communication; then we
present two illustrative experimental applications of the BCI-
controlled robotic arms. The first experiment is a study on
healthy individuals to compare MI modalities for optimal
BCI performance. The second experiment regards a compar-
ative pilot investigation on SCI patients and healthy individ-
uals for noninvasive control of multiple robotic arm motions
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and functional connectivity [41]. In Results and Discussion
we first report the results of these two illustrative experiments
regarding training, performance, and qualitative assessment,
as well as briefly presenting pilot findings regarding brain
networks. We then discuss the strengths and limitations of
our experimental design and propose further steps on robotic
development and neurophysiological study.

2. Materials and Methods

2.1. Mercury: Short Account on Development
Milestones of the Robotics

2.1.1. The Robotic Arms Platform. The Mercury robotic arm
system has been developed as a customized design by our
team for two technological generations so far [39, 40]. Design
requirements focused on biomedical engineering applica-
tions, specifically intuitive remote robotic control, HRI
research, and medical robotics for rehabilitation. Emphasis
was placed primarily on fluid, anthropomorphic motion, fast
response times to control triggers, and low fabrication cost.
At a lower priority we regarded precision of movement and
heavy lifting capability. Since the development of the robotic
system has been presented elsewhere [39, 40], hereby we
briefly report the technological characteristics of the system
used in our current experimentation.

The Mercury robotic platform comprises a robotic arm
currently capable of movement along 8DoFs (at shoulder,
elbow, wrist, hand gripper, and thumb joints), as well as
a choice between two control modules [42]: (a) a custom-
designed BMI capable of sensing the movement of a human
operator’s arm and (b) a commercially available BCI (EPOC,
Emotiv, USA) which was integrated into the system. The
system uses commercially available DC motors to provide
movement: (a) along Cartesian vectors for the robotic shoul-
der joint (2DoFs: “right-left” and “up-down”), the elbow
joint (1 DoF: “up-down”), and the wrist joint (1 DoF: “up-
down”) and (b) 2DoFs along rotation axis between the
“shoulder/elbow” and “elbow/wrist” parts. Two servomotors
complement the robotic arm’s movement capabilities, allow-
ing for gripping small objects with a 3D printed, anthropo-
morphic gripper: 1 DoF is used for the thumb and 1DoF for
the rest of the fingers (Figure 1).

2.1.2. The Body-Machine Interface. The BMI control module
for the Mercury robotic arm has been described in previous
work in terms of design, construction, cost, and features [39].
In the current section we provide a synopsis of the BMI
module simply to facilitate comprehension of the techno-
logical evolution of our overall experimental robotic setup.
The Mercury BMI comprises an exoskeletal position sensing
harness (EPSN), which is worn by the user around their arm.
It uses analogue resistance sensors to capture the movements
of the shoulder, elbow, and wrist, as well as the gripping
movement of the human hand. Movement is captured along
6DoFs, a subset of the actual capabilities of the real human
arm but enough to provide a realistic reproduction of the
movement of the aforementioned joints.

(a)

(b)

(c)

(1)

(2)

(3)

(4)

(5)

(6)
(7)

(8)

Figure 1: Current generation ofMercury robotic arm: (a) the robotic
arm in position during an illustrative experiment, (b) the 3D-
printed gripper (in focus circle), and (c) schematic of the 8DoFs
of the robotic arm. Mercury arms are house-built, of low cost, and
anthropomorphic.

During the design process of the EPSN, emphasis was
placed on rapid capture and transfer of control signals to the
Mercury robotic arm, allowing it to replicate the movement
of the human operator’s arm in a fluid, anthropomorphic
fashion. For this purpose analogue classical automation con-
trol circuits were used to calculate analogue control signals
subsequently fed to an Atmel ATmega2560 microprocessor.
The microprocessor handled digitization, interface to a PC,
and generation of the control signals for the Mercury robotic
arm. Initial experiments using the EPSN focused on HRI,
specifically the time required for first-time human operators
to develop the skills to control the Mercury robotic arm
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Figure 2: Schematic of Brain-Computer Interface loop: using off-the-shelf EEG-BCI for control of house-built robotic arms.

and perform basic tasks such as knocking, gripping, lifting,
and placing small objects [39]. Those initial experiments also
gathered perceived psychometric characteristics from pilot
testers, classified by age, sex, level of education, and famil-
iarization with electronics and robotics technology [43, 44].
These comparisons revealed not only a tendency of female
pilot testers and those unfamiliar with robotics to perceive
the Mercury robotic arm as being more humanlike, but also
a disillusionment effect being induced to all participants after
the pilot testing.

2.2. Brain-Computer Interface Module Development

2.2.1. Off-the-Shelf Brain-Computer Interface. Advances in
both hardware and software technologies rendered real-time
EEG processing a possibility, including detection and identi-
fication of brain activity features for use in BCIs. Currently
there are several BCI systems available commercially, one
of which is the Emotiv EPOC (USA), sold around $300,
which is significantly lower than most medical EEG devices.
It is a portable, wireless EEG recording device that has 14
dry electrodes arranged according to the international 10–20
System and can be easily mounted to the user’s head. The
device operates at an internal sampling rate of 2048Hz and
the data are transmittedwirelessly at 2.4GHz to aUSB dongle
with a sampling rate of 128Hz. The BCI capabilities of the
device are accessed by the Cognitiv suite and rely on Event
Related Desynchronization (ERD). The user initially needs
to record a resting state EEG after which he is able to train
up to four mental commands, using a machine-learning
pipeline to teach the BCI how he visualizes. The pipeline
operates along the stages of preprocessing, feature extraction,
reduction of dimensionality, and classifier training. Following
the training, the suite will continually attempt to identify the
trained commands by analyzing the user’s EEG. During this

process, the suite presents a floating box that will execute
any mental command that it identifies, and the action power,
corresponding to the level of confidence of each classification.

2.2.2. Communication between BCI and Robotics. In order to
achieve online communication between the commercial BCI
application and the robotic arms, the trained BCI classes are
mapped in real-time to computer controls, using a combina-
tion of the BCI’s native Emokey application (Emotiv, USA)
and an in-house script, developed in Matlab environment
(Mathworks,USA). In our implementation, the BCI is trained
in only three classes: one for resting state and two for general
“left” or “right” directions, using either visual or kinesthetic
motor imagery. Each BCI class is linked to a specific key
button, which is enabled when the detected mental state
corresponds to that class. Then the script accepts the corre-
sponding command as input and transmits it through a serial
port, with Baud Rate 9600, to the on-board microcontroller
unit for eachMercury robotic arm (Figure 2).The arms’ units
translate that input to specific positional coordinates for each
of the 8DoFs’ motor. Using this approach, we achieve a move
reaction time of the system that approximates 0.2 seconds.

2.3. Current Experimental Setup. The Bioethics & Ethics
Committee of Faculty of Medicine, Aristotle University
of Thessaloniki, approved the experimental protocol. All
experiments were conducted after the participants provid-
ing informed consent and no remuneration was given. To
facilitate the integration of the robotic arms (or the limb
presentation during EEG recording) into the participants’
own body schema, their arms and body were covered with
a black curtain [37] during all experimental procedures.
Wherever visual cues were used (video of arms or legs
moving) the presented limbs were always matched with
regard to the participant’s sex. Furthermore, none of the
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Figure 3: Overview of the experimental setup in the Thess-AHALL Living Lab. The figure is modified with authors’ permission [46].

participants in any experiment reported prior experience
with MI practices or BCI experiments (characterized as BCI-
naı̈ve [45]). Finally, the participants reported on their user
experience, rating the HRI characteristics of the system by
answering the Godspeed questionnaire [36], translated in the
Greek language [44].

All experimental parts that involved the use of the robotic
arms were conducted in theThessaloniki Active and Healthy
Ageing Living Lab technology showcase room (Thess-
AHALL, member of ENoLL, http://www.aha-livinglabs.com,
http://medphys.med.auth.gr) [46, 47] that is equipped with
accelerometers for fall detection and observation cameras
[48]. Participants comfortably sat on a chair, while disabled
individuals sat on a wheelchair, docked between the two
robotic arms and facing a 42 TV/computer monitor located
a meter away (Figure 3). EEG recordings were taken from
an Emotiv EPOC headset with a sampling rate of 128Hz
and wirelessly transmitted to the BCI-dedicated laptop that
was mounted on the frame and operated by the investigator,
situated behind the participant.

The experimental parts that involved the use of high-
resolution EEG recording were conducted in a specially
designed magnetic shielded room for recordings with pre-
sentation capabilities and audiovisual monitoring. The par-
ticipants sat on an inclined armchair inside the room, while
facing a 21 computer monitor located a meter away. Record-
ings were obtained using the 10-5 international electrode

system for high-resolution EEG [49] with a sampling rate
of 1000Hz and impedance threshold set at 10 kOhm. An
active electrodes cap was used (Brain Products, Germany)
connected to a 128-channel EEG (Nihon-Kohden, Japan).

2.4. Qualitative Assessment Experiment: Comparison of MI
Modalities. The first of the two illustrative experimental
applications was a qualitative assessment study, comparing
MI modalities for control of the BCI-controlled robotic
arms by healthy individuals with regard to BCI training and
optimal performance [50]. The participants were trained to
use visual and kinesthetic cues to control simple motor tasks
of the two robotic arms and we assessed their skill training
and success rates.

2.4.1. Subjects and Training Procedure. In total thirty healthy
participants were included in the study, 18 male (60%) and
12 female (40%), ranging from 19 to 46 years (median age
24 years). All 12 female and 14 of the male participants
declared that they were right-handed. From the rest of the
male participants, 2 declared being left-handed and 2 being
ambidextrous.

Kinesthetic motor imagery (KMI) modality was trained
first. The participants were asked to relax and resting state
EEG with eyes-open was first trained as the neutral BCI
class. All participants were then asked to strongly imagine
a commonly performed (daily routine) movement for each

http://www.aha-livinglabs.com
http://medphys.med.auth.gr
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Figure 4: The training procedure of the qualitative assessment experiment.

hand (left and right) without actually moving their limbs. A
“left” and “right” BCI class was trained accordingly, 20 times
each. Always the “left” class was trained first and training
was conducted in blocks of five training cycles. Each cycle
consisted of 8 seconds of continuous recording of the mental
state (“training”) and 2 seconds of rest (Figure 4), while the
achieved training skill percentage and the action power of
each cycle were recorded (action power threshold was set at
50%). When the KMI training was concluded (Figure 4), the
participants rested for 2 minutes before attempting to control
the robotic arms (control trials are described in Section 2.4.2).

The participants rested for 10 minutes after the KMI
control trials and then the VMI modality was trained. The
training procedure was the same but instead of imagining a
movement, during the “training” cycle, a video played on the
TVmonitor (left or right forearmpronation). Againwhen the
VMI trainingwas concluded, 2-minute rest intervened before
the participants attempted to control the robotic arms.

2.4.2. Robotic Arm Control Trials and Success Rates. The
participants attempted to control the “elbow/wrist” rotational
DoF of each robotic arm. First they attempted to move
the right robotic arm 10 times with the “right” BCI class
and then the left robotic arm 10 times with the “left” BCI
class. Each trial cycle lasted 10 seconds with a 2-second
rest between them and a successful trial was marked by
any detection of the correct BCI class during the 10-second
period.When the correct class was detected the relevant DoF
moved (corresponding to pronation), while it remained idle
otherwise.

For the control trials using KMI, only a command was
given to the participants to attempt to control the robotic
during the trial cycle. For the control trials usingVMI, during
the trial cycle, on the TV monitor the same video that the
participants were trained to played and no command was
given (Figure 5). Success rate was recorded for each robotic
arm and imagerymodality (successful trials in 10 consecutive
trial cycles of right or left robotic arm control in either KMI
or VMI). Success rates for each imagery modality were also
calculated (successful trials in 20 trial cycles of both robotic
arms control).

2.4.3. Statistical Analysis

(1) Demographics. Six participants who did not succeed in
passing action power threshold during skill training (50%)
were excluded from further analysis. All further comparisons
regarding demographics (as well as skill training, success
scores, and Godspeed questionnaire, as presented in next
sections) were made on the remaining participants (𝑛 =
24). Planned comparisons explored the age differences across
the remaining participants using as grouping factor the
gender/sex (female, male). The age was tested for normality
following Shapiro-Wilk Test [51, 52] after controlling for
sex. However, age did not meet the normality assumption
when controlled for sex. Therefore, age differences between
sexes were explored using Mann–Whitney (𝑈) Test. We
did not control for hand dominance as grouping factor
because the majority of the remaining participants were
right-handed. Significant age differences between female and
male participants were not found (𝑈 = 68; 𝑝 = 0.816).

(2) Kinesthetic against Visual Motor Imagery Skill Training.
KMI skill training scores were compared against VMI skill
training scores (a) for all remaining participants and (b) for
participants grouped by gender. For all participants, scores
were compared for both hands (left and right hand separately)
and also across training blocks after those being tested for
normality assumption. The differences between Kinesthetic
and Visual Skill scores were normally distributed across
training blocks for both hands. Therefore, Paired 𝑡-tests were
planned for each training block and for both hands separately.
After grouping by gender, we compared again KMI and VMI
skill training scores across training blocks and for both hands
separately. For the aforementioned statistical analyses Paired
𝑡-tests were used since differences (Kinesthetic-Visual Skill
scores) were still normally distributed after controlling for
sex.

(3) Kinesthetic against Visual Motor Imagery Success Scores
in Robotic Arm Control. Planned comparisons regarding the
KMI and VMI success scores of BCI robotic arms (both right
and left) control were performed. The number of successful
trials in ten consecutive trials was defined as success scores.
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Figure 5: Overview of robotic arm control trials during the qualitative assessment experiment.

Statistical analysis was performed using Wilcoxon Signed
Ranks test as KMI and VMI success scores were obtained by
the same participant.

(4) Godspeed. Godspeed scores of each key concept (Anthro-
pomorphism, Animosity, Likeability, Perceived Intelligence,
and total Godspeed) score were analyzed as interval vari-
ables (for more information see Section 2.6.). Therefore, we
tested for normality assumption grouping by sex (female,
male) and used Shapiro-Wilk Test. Likeability, Perceived
Intelligence, Perceived Safety, and total Godspeed score were
found to be normally distributed and 𝑡-tests were performed
between female and male participants. Anthropomorphism
and Animosity were analyzed between two groups following
Mann–Whitney (𝑈) test.

2.5. Pilot Patient Investigation: BCI Control and Functional
Brain Connectivity. The second of the two illustrative exper-
imental applications is an ongoing pilot study that involves
SCI patients and healthy individuals controlling multiple
DoFs of the robotic arms, as well as an investigation of their
brain connectivity [53]. The participants are trained with
visual cues of various arm movements or walking and then
use kinesthetic cues for BCI control of the robotic arms.Apart
from assessing their performance, we moreover perform a
pilot analysis of the functional brain networks formed for
each different movement.

Three SCI patients were already recruited for participa-
tion in the pilot study, one female (28 years old) and two
male (52 and 47 years old), as well as three age and sex
matched healthy individuals as control group. The patients’
neurological level of injury was C4, C4, and T7, respectively
and their Asia Impairment Scale classification was D, C
(incomplete injuries), and A (complete injury), respectively.
The protocol involves a full neurological examination using
the International Standards for Classification of Spinal Cord
Injury [54] and assessment of their functional status using the

Spinal Cord IndependenceMeasure III [55] in the Greek lan-
guage (g-SCIM-III) [56].Moreover, the protocol also involves
healthy and patient participants both answering Vividness
of Visual Imagery Questionnaire (VVIQ) [57], Beck Depres-
sion Inventory (BDI) [58, 59], and Rosenberg Self-esteem
Questionnaire (RSQ) [60, 61]. Since the investigation is
ongoing and more patients are expected to be recruited,
our focus hereby will be on presenting an overview of the
methodological aspects of the study, as well as provisional
results regarding functional connectivity from one subject
and healthy control.

2.5.1. High-Resolution EEG Recording during Multiple Move-
ments. While under high-resolution EEG recording (as
described in Section 2.3) the participants watched random
video recordings of upper limbs performing movements of
all DoFs or lower limbs walking. The participants attempted
to register these movements as being their own [37], without
moving their own limbs (VMI) (Figure 6). The presenta-
tion followed an oddball paradigm, displaying randomly 9
repetitions of 34 videos, divided into 3 sets with 10-minute
rest between them. For each of 8 possible DoFs of the arms,
both directions ofmovement were displayed, for both left and
right arm, totaling 32 videos of upper limbs. The remaining
2 videos were walking (from walker’s perspective) and an
oddball wildlife video. All videos had duration of 5 seconds,
followed by 4 seconds of black screen.

2.5.2. BCI Control of Robotic Arms. In the second part of the
experiment, the participants used the commercial EEG-BCI
to control the robotic arms. Three BCI classes were trained:
resting state, left, and right. The participants were asked to
visualize the videos they were presented during the previous
part during the training of left and right. Each direction was
trained 20 times, each cycle lasting 8 seconds, followed by 2
seconds of rest.
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128-channel EEG recording
Presentation of stimuli

(videos for VMI)
Video surveillance of

magnetically shielded EEG room

(a)

Left Mercury
robotic arm Emotiv EEG headset

Right Mercury
robotic arm

Computer monitor 
for presentation of stimuli

(commands for KMI)

(b)

Figure 6: 28-year-old female SCI patient participating in the pilot investigation: (a) 1st part of the experiment, 128-channel EEG recording
during oddball presentation of multiple limb movements (visual imagery); (b) 2nd part of the experiment, control of robotic arms using a
commercial EEG-BCI headset, employing mental rehearsal of movements (kinesthetic imagery).

After the system’s training to each participant’s brain-
waves, they were asked to follow presented instructions,
corresponding to specific DoFs of the robotic arms and to
specific direction of movement. The participants attempted
to visualize the same movements to achieve control (KMI),
without moving their limbs, while the BCI detected one of
the three aforementioned classes. The presentation followed
a pseudorandom routine that included an instruction to
perform each of 32 possible arm movements once. Each
instruction lasted 30 seconds, followed by 5 seconds of rest
period.The participants’ performance in eachmovement was
rated on a 0–5 scale and an overall percentage score was
calculated to denote overall BCI performance.

2.5.3. Signal Analysis and Brain Networks

(1) Preprocessing. The acquired high-resolution raw EEG
signals were band-pass filtered between 2 and 50Hz using
a zero-phase finite impulse response filter, downsampled at
100Hz, and rereferenced to the common average reference
(CAR) [62]. Triggers were set at the onset of each visual
stimulus, using the signal from an optic diode, and epochs
were extracted from −2000msec prestimulus to 4000 post-
stimulus. Epochs were visually inspected and the heavily
artifactual contaminated ones (due to subject movements,
spasticity, and electrode disconnection) were rejected. The
remaining epochs were averaged according to the event type
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Figure 7: Regions of interest (ROIs) for connectivity analysis at the cortical level: (a) midline surface, left hemisphere, (b) top view, both
hemispheres, and (c) lateral view, right hemisphere. (1): SAC, (2): S1F, (3): S1H, (4): S2, (5): CMA, (6): M1F, (7): M1H, (8): M1L, (9): SMA, (10):
pSMA, (11): PMd, and (12): PMv.

(motor imagery of different movements), resulting in 34
average epochs per subject.

(2) Cortical Current Density Estimation. In order to improve
spatial resolution of the data and counter smearing caused
by the volume conduction effect we deployed cortical cur-
rent density estimation (CCD) [62] using the Brainstorm
[63] toolbox for Matlab. CCD essentially maps the sensor
potentials to dipole current distribution that are assumed in
fixed positions over the cortex. Dipoles also are referred to as
sources, model electrical activity of neuronal groups that fire
synchronously [64]. CCD requires first a model of the head
conveying information about the electrical properties and
geometry of different parts of the head (e.g., scalp, skull, and
cortex), electrode position, and source space dipole positions
[65]. The Montreal Neurological Institute (MNI) COLIN 27
MRI [66, 67] was used as default subject anatomy to compute
a three-shell (scalp, skull, and cortex) head model with
boundary elementmethod (BEM) usingOpenMEEG [68] via
Brainstorm. The cortical surface is assumed as source space.
Having the headmodel and sensor data, CCD estimation was
performed using standardized LORETA (sLORETA)method
[69] with dipole orientation (5023) constrained normally to
the cortex [70]. Noise covariance matrix was estimated on
resting state data that take place at the start of each session
and was regularized.

(3) Functional Connectivity. After solving the inverse problem
of the average trials functional connectivity was performed
on the source domain, analyzing the connectivity between
24 cortical regions of interest (ROIs), 12 in each hemi-
sphere (Figure 7): Somatosensory Association Cortex (SAC),
Primary Foot Somatosensory Area (S1F), Primary Hand
Somatosensory Area (S1H), Secondary Somatosensory Area

(S2), Cingulate Motor Area (CMA), Primary Foot Motor
Area (M1F), Primary Hand Motor Area (M1H), Primary Lip
Motor Area (M1L), Supplementary Motor Area (SMA), pre-
Supplementary Motor Area (pSMA), Dorsal Premotor Cor-
tex (PMd), and Ventral Premotor Cortex (PMv). Scouts were
defined as ROIs, in the samemanner as in our previous study
based on neuroanatomical landmarks and Brodmann areas
[71], locating scouts on the MNI cortical surface. Connectiv-
ity between those areas was calculated for the time period of
−1000msec prestimulus to 2000msec poststimulus on each
of the 34 averaged epochs, using Granger causality [72], for
each subject. Networks were calculated for delta (1–4Hz),
theta (4–7Hz), alpha (8–13Hz), and beta (13–30Hz) brain-
wave bands. Then the functional networks were compara-
tively assessed, displaying connections with power of at least
60% of the connection with highest power for each network.

2.6. Godspeed Questionnaire Translation and Statistical
Manipulation. The Godspeed questionnaire consists of five
semantic differential scales, equippedwith Likert type scaling
evaluating the attitude towards robots in the subcategories of
Anthropomorphism, Animacy, Likeability, Perceived Intel-
ligence, and Perceived Safety [36]. Our team performed a
double-blind forward and backward translation and adapta-
tion to the Greek language [44]. Accuracy of the procedure
was evaluated by a third independent researcher and concepts
that needed further resolutionwere pinpointed and put to the
same procedure again, in order to produce an accurate adap-
tation. The Greek version of the questionnaire (Godspeed-
g) was used both in the BMI validation study [43] and the
current experimental applications and has also been made
available through the original questionnaire’s official webpage
[73]. Despite the criticism that the original questionnaire
has attracted in terms of redundancy and suitability [74],
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it remains the most widely applied tool in studying user
perception of robots [75].

As with the original one, in the translated version, each
semantic differential scale represents a key concept enclosing
a short questionnaire. Each short questionnaire results in
a score adding the ratings of the respondent. However,
in the last two questions of Perceived Safety subcategory
reversed rating was used, to associate the lower scores to the
negative assessment, as is the case with the other items of the
questionnaire [76]. Finally, a total Godspeed score could be
calculated adding the scores of each key concept. Semantic
differential data can be analyzed as any other rating data, as
both Likert scales and semantic differential scales are rating
scales and the distributions of the responses are not forced
[77]. The analysis of Godspeed data was performed using the
guidelines of H. N. J. Boone and D. A. Boone (2012) [78].

3. Results and Discussion

3.1. Qualitative Assessment Experiment

3.1.1. Kinesthetic against Visual Motor Imagery Skill Training.
Participants achieved highermedian skill training percentage
using KMI. That for the left arm was 26.5% (1st training
block), 56.5% (2nd), 75.5% (3rd), and 72.5% (4th) for KMI
and 20,5%, 54.5%, 71.5%, and 73%, respectively, for VMI. For
the right arm it was 14.5%, 26%, 36%, and 24.5% for KMI
and 8.5%, 17%, 17,5%, and 14.5% for VMI.There was a fatigue
effect, median skill training percentage dropping from 3rd
training block to 4th in all settings but left arm VMI.

Statistical testing resulted in significant difference
between KMI and VMI skill training score only for the right
hand extracted by training block 1 (𝑡(23) = 2.151; 𝑝 = 0.042)
and block 2 (𝑡(23) = 2.181; 𝑝 = 0.040) indicating that KMI
skill training scores are higher than those of VMI in training
blocks 1 and 2. Statistically significant findings were found
neither at training blocks 3 and 4 nor for the left hand across
any training block. When discriminating participants by sex,
marginally significant difference between KMI and VMI skill
scores was found for female participants in training block
2 (𝑡(11) = 2.136; 𝑝 = 0.056) favoring KMI training against
VMI. Male participants’ scores between KMI and VMI
training did not reach significance across training blocks.
Following the same analysis for the left hand did not yield
any significant outcome.

3.1.2. Success Scores in Robotic Arm Control and Godspeed
Questionnaire. Median success score was 7 for both left and
right armVMI, 5.5 for left armKMI, and 5 for right armKMI
(Figure 8). Comparing success scores between KMI and VMI
for right and left hand separately, the differences were not
found statistically significant (right hand: 𝑍 = −0.945; 𝑝 =
0.344; left hand:𝑍 = −1.476; 𝑝 = 0.140). Differences between
female and male respondents to Godspeed questionnaire did
not reach statistical significance (Anthropomorphism: 𝑈 =
64, 𝑝 = 0.643; Animosity: 𝑈 = 70.5, 𝑝 = 0.931; Likeability:
𝑡(16.226) = 0.483, 𝑝 = 0.636; Perceived Intelligence: 𝑡(22) =
0.121,𝑝 = 0.905; Perceived Safety: 𝑡(22) = −0.861,𝑝 = 0.399)
and total Godspeed score (𝑡(22) = −0.085, 𝑝 = 0.933).

3.1.3. Discussion. While participants appeared to perform
better using VMI rather than KMI as an imagery modality
for BCI control, our analysis did not prove a statistically
significant correlation [50]. Individual differences could play
a role, since some participants performed better with KMI; it
is worthwhile to explore this difference, as BCI control should
be tailored to the needs of each individual [50]. Perception of
the robot did not correlate to either performance or the sex
of the operator. This qualitative assessment experiment pro-
vided us with important field insight on the operation of the
robotic arms and the BCI control modality. Further compar-
isons, using this design, could include different users groups
to perform either imagery type, in order to determine specific
characteristics for each. Studying disabled users could also
provide answers on the effect of neurological disability on
imagery capacity and an ability to perform with BCI.

3.2. Pilot Patient Investigation

3.2.1. Results and Discussion. Our experimental paradigm
allows control of multiple DoFs of two robotic arms using a
3-class BCI implementation along with VMI training and the
use of AI algorithms. As we have also shown in the proof-
of-concept [53], disabled and healthy operators (Figure 9(a))
can achieve comparable, above-chance, performance levels
in BCI control of the robotic arms (56.88%, 43.13%, and
55.00% by healthy participants and 52.00%, 46.25%, and
19.38% by SCI patients). While, after only a training session,
for some movements only minimal control is achieved,
further training sessions are suggested in order to improve
performance. Nonetheless, in certain movements excellent
performance was achieved (arms were moving towards the
desired direction for the most part) and this finding was not
correlated to intrinsic difficulty of any movement [53].

As this is an ongoing investigation and subject recruit-
ment continues, we hereby only provisionally present results
from connectivity analysis, while a comprehensive assess-
ment of performance, psychometric evaluation, and func-
tional connectivity will be performed with the conclusion of
the study. Healthy participants scored 77, 75, and 56 (out of
max 80) in theVVIQquestionnaire, while SCI patients scored
54, 69, and 72 (Figure 9(b)). Moreover, healthy participants
evaluated the robotic arms with 77, 87, and 68 (out of max
120) in total Godspeed score and SCI patients gave 88, 76, and
96 (Figure 9(c)). The Godspeed subcategories whose scoring
by healthy and SCI participants seems to differ are Perceived
Safety and Perceived Intelligence (Figure 9(d)), although that
is a trend that needs to be tested for statistical significance
in data from more participants. In the categories of Anthro-
pomorphism, Animacy, and Likeability, both groups gave
almost identical answers (Figure 9(d)).

In Figure 10, functional connectivity networks over the
ROIs that we defined at the cortical level (seen in Figure 7)
are presented for differentmotor tasks, performed by a female
SCI patient and a healthy control.

Functional connectivity holds promise in classifying
imagery of multiple classes (multiple different movements)
or complexmotions, based on imagerymodalities. A possible
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Figure 8: KMI against VMI success scores for 24 participants above action power threshold. Most participants performed better with VMI
but the difference was not statistically significant.

automated approach would be to identify significant connec-
tions for each task using Network-Based Statistics (NBS). In
our opinion, semiautonomous algorithms and AI should be
part of a strategy to control multiple DoFs of robotic arms.
Our BCI approach uses a 3-class implementation to achieve
control of many (32 possible) DoFs but currently relies
on research intervention. The low-class approach employed
could be feasible both for BCI training and neurophysio-
logical investigation. While training and functional connec-
tivity study is performed using high-resolution EEG, it is
highly impractical to use such systems for everyday BCI
applications. Therefore, we aim to downscale the findings
from high-resolution EEG regarding functional connectivity
to control features for commercial low-resolution EEG-
BCI headset. Moreover, other investigations could include
trauma-induced brain reorganizationwith a focus onpossible
rehabilitation opportunities.

3.3. Future Steps
3.3.1. Further Robotics Development. A natural milestone for
future development is the integration of the BCI and robotic
arms system into the operator’s perceived body mental
image [37]. From the user’s point of view, this requires rapid,

fluid, accurate, and predictable system performance. Fur-
thermore, this necessity consequently corresponds to rapid
processing of analogue BCI input: filtering and extraction
of relevant brainwave information into the relevant robotic
control signals in near-real-time (<100ms).Maintaining time
lag to a minimum is particularly important in order to
avoid confusing the human brain’s natural visual and tactile
feedback loops. Determining the upper limit in response time
lag is likely to depend onboth the task and the user; we believe
it will be meaningful to investigate this limit and the gradual
deterioration of user control past it, across different types
of tasks. Furthermore, we plan to investigate the operator’s
perception (from the HRI perspective) as response time lag
varies across the aforementioned time limit.

Another important aspect of perceived body mental
image that needs to be taken into account in further devel-
opment is anthropomorphism. In our current technological
generation, user perception of the robotic arm, as measured
by Godspeed, did not correlate with performance [50]. As
further robotics development would also focus on improving
anthropomorphic characteristics of the system, as well as the
users’ perception, it would be interesting to identify possible
correlations between advancements in that direction and
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Figure 9: Performance in BCI control of patient and healthy participants in comparison to (a) their g-SCIM-III total score, (b) VVIQ score,
and (c) Godspeed total score. Also (d) evaluation of the robotic arms in each separate Godspeed subcategory by participant.

performance, as well as to identify possible “uncanny valley”-
like phenomena [74]. An important question, also with
regard to real-time response of BCI-robotics systems, would
be to investigate whether operators would expect more natu-
ral and fluid response from a near humanlike robotics system
than from a more mechanical-looking one, and whether not
meeting such expectations would affect either user percep-
tion or performance. Furthermore, as subject recruitment
progresses through the ongoing study [53], we also aim to

investigate correlations between operators’ emotional state,
perception of the robotics, and performance. Finally, further
robotics development and associated experiments should
focus on naturalistic scenarios and real-life applications,
designed for both disabled and healthy end-users.

3.3.2. Further Neurophysiological Investigation. There are sev-
eral paradigms for sensorimotor BCI implementation that
vary frommachine learning to signal processing perspective.
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Figure 10: Functional connectivity networks formed in alpha brainwave band during different visual motor imagery tasks performed by an
SCI patient and a sex and age matched healthy control participant (connections > 60% max power displayed).

Current BCIs are capable of easily recognizing two classes,
which translates to control of 1 DoF but usually fails to work
with more classes. One of the biggest challenges of noninva-
sive motor imagery BCIs is the low spatial resolution of EEG,
due to volume conduction effect [79]; hence spatial features
extracted directly from EEG are poorly discriminative.

Cortical current density estimation methods can be
deployed to compensate for the low spatial resolution of EEG,
by reconstructing activation of cortical sources using EEG
data and realistic head model, so essentially transforming
sensor data to a higher dimension space, where spatial
resolution is higher. Several studies concluded that features
extracted from source space are superior over sensor based
[70], and a recent published study has achieved sufficient
discrimination of complex movements of the same limb,
utilizing source imaging techniques [70].

One of the strongest requirements of Mercury BCI
algorithm is natural control of a multi-DoF robotic arm,
corresponding to multiclass in terms of decoding. Decoding
brain activity is still an open challenge especiallywhen it turns
to multiple classes [80], although implementation of func-
tional connectivity features for BCI class classification [71] is
expected to provide applicable solutions [17]. A foreseeable
future direction of BCI algorithms is to extract almost solely
features from source space. Data driven ROI specification
for each subject based on ICA could be used, instead of
static ROIs for all subjects. Features extraction scheme will be
based on a combination of spectral, spatial, and connectivity
features to improve robustness. For classification, hierarchical
approach seems appealing for the multiclass problem.

Such a processing pipeline is highly computational
demanding, and at this stage of its development we work
with offline analysis until the results are encouraging to pro-
ceed to real-time implementation. Recent advancements in
Graphic Processing Units (GPUs) and Field-Programmable
Gate Arrays (FPGAs), which have proven to be effective in
rendering computationally demanding applications in real-
time, could be employed for an online implementation of our
paradigm.

High-resolution EEG data and its analysis for functional
connectivity from multiple motor imageries are expected to
provide insight in brain network adaptive and maladaptive
reorganization that occurs after SCI [11]. Most published
studies have focused on resting state connectivity and those
that have used MI have not yet discriminated between dif-
ferent motor tasks. On the other hand, low-density EEG data
recorded through KMI-BCI operation can be further studied
for functional connectivity networks and compared to data
gathered from high-resolution EEG recordings during VMI.
Such an approach could possibly facilitate the downscaling
of a network-based BCI in the future for multiple DoFs and
control of complex movement sequences. This should also
point towards whether this network classification is possible
with affordable, off-the-shelf, noninvasive BCI devices and
low-resolution EEG.

3.3.3. Limitations. In the context of our design and exper-
iments, we encountered several limitations. First of all,
although demands for portability, ease of use, low cost, and
availability made the selection of a commercial dry electrode
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EEG headset necessary, the accompanying commercial (and
undisclosed) BCI algorithm did not meet the needs of our
neurophysiological experimentation [21, 81]. Current BCI
technology has not demonstrated autonomous control of
multiple classes and this constitutes a challenging implemen-
tation that necessitates BCI algorithms tailored to the need
of the specific task (multi-DoF control). Possible solutions
could lie in the source space and connectivity-based BCIs
[17]. The group’s next steps include developing own, true
online, algorithms to be tested for the control of the 8DoFs
of the robotic arms, making use of AI to support classifi-
cation. Nonetheless, combining a commercial EEG headset
with elaborate homemade BCI and real-time computational
approaches to the source space is also a challenge to meet.

4. Conclusions

Advances in BCIs have demonstrated remarkable results in
the direction of replacing and restoring lost sensorimotor
function in human patients. Novel paradigms and recent
advances in noninvasive BCI protocols aim at progressively
improving past technological and neurophysiological lim-
itations. Neurophysiological changes in the brain network
level, induced by SCI, could prove critical in designing and
developing robust and durable noninvasive BCIs for motor
restoration and rehabilitation. Moreover, successful rehabil-
itation strategies should take into account user perception,
satisfaction, and overall experience, alongside performance.
We presented our implementation of BCI-controlled 8-DoF
anthropomorphic robotic arms, using noninvasive off-the-
shelf BCI technology. Moreover we presented two illustrative
experimental applications on healthy individuals and SCI
patients. Current, state-of-the-art, BCI technology is unable
to control multiple DoFs but semiautonomous AI algorithms
and connectivity-based BCIs could provide solutions towards
that direction. Individual differences appear to play a role
in motor imagery based BCIs and multiple training sessions
are always encouraged in order to improve performance in
robotic arm control. Functional connectivity holds promise
in classifying imagery of multiple classes (multiple different
movements) or complex motions, based on imagery modal-
ities. Future development aims at facilitating the integration
of BCI and robotic arm system into the operator’s perceived
body mental image, thus requiring rapid, fluid, accurate,
predictable system performance and improved anthropo-
morphism. Online implementation of connectivity-based
classifiers, although currently too computationally demand-
ing, is expected to be soon feasible. High-resolution EEG
data and its analysis for functional connectivity frommultiple
motor imageries are expected to provide insight in brain
network adaptive andmaladaptive reorganization that occurs
after SCI and, subsequently, into promoting or preventing it
accordingly [11].
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Alongside the best-known applications of brain-computer interface (BCI) technology for restoring communication abilities and
controlling external devices, we present the state of the art of BCI use for cognitive assessment and training purposes. We first
describe some preliminary attempts to develop verbal-motor free BCI-based tests for evaluating specific or multiple cognitive
domains in patients with Amyotrophic Lateral Sclerosis, disorders of consciousness, and other neurological diseases. Then we
present the more heterogeneous and advanced field of BCI-based cognitive training, which has its roots in the context of
neurofeedback therapy and addresses patients with neurological developmental disorders (autism spectrumdisorder and attention-
deficit/hyperactivity disorder), stroke patients, and elderly subjects. We discuss some advantages of BCI for both assessment and
training purposes, the former concerning the possibility of longitudinally and reliably evaluating cognitive functions in patients
with severe motor disabilities, the latter regarding the possibility of enhancing patients’ motivation and engagement for improving
neural plasticity. Finally, we discuss some present and future challenges in the BCI use for the described purposes.

1. Introduction

BCIs have been studied with the primary motivation of
providing assistive technologies for people with severe motor
disabilities, particularly locked-in syndrome (LIS) caused
by neurodegenerative disease such as Amyotrophic Lateral
Sclerosis (ALS) or by stroke [1]. Such approach involves the
use of suitable cortical signals as input to control external
devices or for Augmentative andAlternative Communication
purposes in patients suffering from central nervous system
injury. BCI has been studied for more than 25 years and has
been extensively validated, even if with still heterogeneous
results according to both the method employed and the

populations involved [2, 3]. A review of BCI studies is not
within the objective of the present work [4].

A newly emerging field of research concerns the use of
BCIs to enhance motor and cognitive recovery within neu-
rorehabilitation settings. In fact, most of common rehabil-
itation tools require a minimal level of motor control to
perform the therapeutic tasks; therefore, patients with severe
motor deficits are not allowed to accomplish traditional reha-
bilitation training. Some recent reviews have presented and
discussed main advances in the use of BCIs for rehabilitation
purposes [5–7]. A further work has discussed the current
status of BCI as a rehabilitation strategy in stroke patients
[8]. In addition to the use of BCI to restore motor function
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or provide feedback to patients (i.e., during motor imagery),
the authors underlie further advantages of brain activation
monitoring during rehabilitation, in particular, the possibility
ofmonitoring the global level of attention concerning the task
and the level of interhemispheric balance.

Within the neurorehabilitation setting, the assessment
and training of cognitive impairments represent a more in-
novative and less explored area. The evaluation of cognitive
abilities in patients at advanced stages of paralysis represents a
challenge, since standard assessment tools for both verbal
and nonverbal cognitive abilities typically involve a motor
response. In ALS, evidence suggests the need for some
task modifications in order to make the standard neuro-
psychological assessment suitable for patients with verbal
and motor impairment [9]. Also the Edinburgh Cognitive
and Behavioural ALS Screen (ECAS), recently designed by
Abrahams and colleagues [10] for ALS patients, cannot be
performed in moderate-severe stages of the disease. Besides,
even tests relying on some form of rudimentary motor
function such as blinking, nodding, or pointing [11] are not
administrable to totally locked-in patients where even the
presence of minimal motor functions could be prevented.

Recently, some attempts have been made in order to
obtain verbal-motor free indicators of executive functions
changes in ALS. In particular, event-related potentials (ERP)
have been employed to assess cognitive dysfunctions with
minimal motor demands [12–14]. Such approach, even if
valuable, provides quantitative and qualitative data not com-
parable with scores obtained from standard cognitive testing,
therefore not allowing a reliable and longitudinal evaluation
of neuropsychological functions.

The evaluation of cognitive capacities in patients with
severe motor disabilities has also relevant implication for
BCI systems usability aspects. Among the physiological and
psychological factors that influence or affect BCI use, several
studies have showed an effect of both general mental load
and more specific cognitive functions on BCI performance.
For example, the P300 ERP signals, employed in the fre-
quently adopted P300 BCI systems, depend on attention and
working memory processes; in such approach, reduced level
of attention or higher levels of working memory load are
associated with lower amplitudes and prolonged latencies
[15]. Recent studies confirmed the role of working memory,
together with general intelligence [16] and attention [17], on
P300 BCI performance. Some approaches have attempted to
manage such aspects by employing different interfaces [18]
or stimulation modes [19], in order to reduce mental load. In
addition to the need for technical adaptations, the described
findings suggest the potential benefit of working memory
training to improve BCI usability and performance.

The use of BCIs for cognitive training is another emerging
field of study within neurorehabilitation settings and could
improve both patients’ clinical conditions and BCIs’ usability.
In particular, the possibility of enhancing neural plasticity by
providing real-time feedbacks in an engaging setting could
improve the treatment efficacy and transferability to real-life
contexts.

We present the current state of art about BCI applications
addressing cognitive aspects, with regard to approaches

targeting both assessment and rehabilitation of cognitive
functions. As below described, such approaches involve pa-
tients with severemotor deficits, in order to overcome verbal-
motor limitations, together with other clinical populations
without physical disability, according to the advantages pro-
vided by the use of BCI with respect to traditional cognitive
training methods.

2. Material and Methods

Between January and February 2017 we performed a search
on the PubMed, Web of Science, and Scopus databases. We
searched the terms “BCI” or “brain-computer interface” or
“brain machine interface” in combination with the following
terms: “neurofeedback,” “cognitive,” “rehabilitation,” “train-
ing,” “assessment,” and “neuropsychological.” Other defi-
nitions of BCI (i.e., Mind-Machine Interface (MMI)) were
included; however no relevant results were obtained, accord-
ing to the topic of the present review. We searched the ref-
erence list of retrieved papers to identify additional relevant
articles. Only studies in English were considered for the
present systematic review. Other reviews of literature dealing
with the topic of our work have been considered within this
work. A total number of 1701 items have been found with
PubMed, 2950 items with Web of Science, and 3977 items
with Scopus.

Studies where NF was described without referring to a
BCI system were excluded. Moreover, studies were cogni-
tive tasks/abilities were included in the BCI protocols with
aims other than assessment or rehabilitation of cognitive
abilities (i.e., monitoring of cognitive state during motor
rehabilitation, means to perform motor tasks; study of brain
functions not aimed at clinical purposes) were not consid-
ered.

The systematic search resulted in 9 records for cognitive
assessment and 15 records for cognitive training, consisting
of experimental studies that were included in Tables 1 and
2. Studies presenting design or development of BCI-based
protocols without reporting experimental data on healthy
controls or clinical populations were considered within the
manuscript, but not reported in the Tables. Other results
concerning NF and BCI studies or reviews have been con-
sidered and reported within introduction and discussion
for enhancing and supporting considerations about the
described results. Actually, to the best of our knowledge, no
other review concerning BCI use for cognitive assessment or
rehabilitation is available.

3. Results and Discussion

3.1. Cognitive Assessment through BCI-Based Systems. The
application of BCI systems in order to develop new neuropsy-
chological assessment tools mainly employed EEG-based
BCIs (see Table 1). These types of BCI are included in nonin-
vasive BCIs; that is, they do not require surgical implantation
to acquire signals; surface EEG is the most widely used non-
invasive technique for BCI studies in neurological patients
[20]. The main EEG-based paradigms detected and used
are sensorimotor rhythms (SMRs), slow cortical potentials
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Table 2: BCI applications to cognitive rehabilitation.

Study (year) Signals/paradigms Sample Method Outcome measures

Lim & coll. (2010)

Frontal (Fp1 and Fp2)
and parietal (Pz) EEG
signals, covering theta,
alpha, beta 1, and beta 2

EEG waves

20 ADHD children

Mathematics and
English comprehension
questions, with the BCI
system monitoring
attention level

ADHD Rating Scale-IV

Lim & coll. (2012) Frontal EEG signals (Fp1
and Fp2) 20 ADHD children

Colour Stroop Task
during Calibration.
Training game
(Cogoland).

Mathematics and
English worksheet

ADHD Rating Scale-IV

Lee & coll. (2013) Frontal EEG signals (Fp1
and Fp2) 31 healthy elderly

Colour Stroop Task
during Calibration. BCI

system based on a
card-pairing memory

game

RBANS. Usability and
acceptability
questionnaire

Toppi & coll. (2014) SMRs 2 stroke patients NF training based on 10
sessions on SMRs

EEG data while
performing the

Sternberg memory task.
Behavioral performance
at the Sternberg task.
Scores at RAVLT and

CBTT

Gomez-Pilar & coll.
(2014) SMR-EEG 40 healthy elderly

NF training consists in
imagery motor exercises
combined with memory
and logical relation tasks

Luria–AND test

Burke & coll. (2015) iEEG theta and alpha
oscillations

14 neurosurgical patients
with

medication-resistant
epilepsy

Individual prestimulus
electrode fluctuations
used to modulate

memory performance

BCI and standard free
recall episodic memory

task

Lee & coll. (2015) Frontal EEG signals (Fp1
and Fp2)

39 healthy
Chinese-speaking

elderly

Colour Stroop Task
during Calibration. BCI

system based on a
card-pairing memory

game

Repeatable Battery for
the Assessment of
Neuropsychological
Status (RBANS).
Usability and
acceptability
questionnaire

Rohani &
Puthusserypady (2015) P300 ERP

6 healthy young
participants (24–32

years)

Two oddball attention
tasks, targeting visual

attention and
discrimination,

performed within a 3D
Virtual Classroom

Average error rate in
detecting P300 by the

classifier

Salisbury & coll. (2015) EEG (not further
specified)

A 25-year-old man with
spinal cord injury

Training session with
cube rotation and

manipulation paradigm
presented on a laptop
computer, followed by
BCI trial (Emotive EEG

gaming system)

Screening measures
related to cognition,

psychological
disposition and pain

Salisbury & coll. (2016) EEG (not further
specified)

25 participants (18–64
years) with traumatic or
nontraumatic spinal

cord injury

Training session with
cube rotation and

manipulation paradigm
presented on a laptop
computer, followed by
BCI trial (Emotive EEG

gaming system)

Screening measures
related to cognition,

psychological
disposition and pain
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Table 2: Continued.

Study (year) Signals/paradigms Sample Method Outcome measures

Gomez-Pilar & coll.
(2016) SMR-EEG 63 healthy elderly

NF training designed for
training motor imagery
that implies ERS/ERD of
alpha and beta frequency

bands in the EEG

Luria-AND test

Kim & Lee (2016) SMR and mid-beta
waves of Fp1 and Fp2

20 children with cerebral
palsy

BCI-FES group versus
FES control group

Sensorimotor rhythms
(SMR) and middle beta

waves (M-beta)

Kleih & coll. (2016) P300 ERP 5 stroke patients with
aphasia

Visual P300 speller
paradigm. TAP to

predict spelling success

BCI usability (visual
analog scale) and

spelling performance
(accuracy)

Rana & coll. (2016) fMRI bold response 8 healthy adults (age > 61
years old)

rtfMRI approach to train
participants to

upregulate anterior
insula during a facial

emotion recognition task

Average percentage
change in the BOLD

signal and DCCS scores

Musso & coll. (2017) Auditory ERP 20 healthy subjects and 1
aphasic stroke patient

Word ERP responses to
6 bisyllabic words
recorded with an
auditory BCI

Average target and
nontarget ERP responses

EEG: electroencephalogram; SMRs: sensorymotor rhythm; iEEG: intracranial EEG; ERP: event-related potentials; SMR: sensorimotor rhythms; FES: functional
electrical stimulation; fMRI: functionalmagnetic resonance imaging;ADHD: attention-deficit/hyperactivity disorder; ASD: autism spectrumdisorder; RBANS:
repeatable battery for the assessment of neuropsychological status; TAP: attention performance test; Luria–AND test: Luria adult neuropsychological diagnosis
(AND) test; DDCS: dimensional change card sort; rtfMRI: real-time fMRI; RAVLT: Rey auditory verbal learning test; CBTT: Corsi block tapping test; NF:
neurofeedback.

(SCPs), event-related potentials (ERPs), and visually evoked
potentials (VEPs).

Iversen et al. [21, 22] aimed at assessing some cognitive
functions in completely paralyzedALS patients by developing
a SCPs EEG-BCI. In a first study [21], training was applied to
two severely paralyzedALS patients, duringwhich they could
learn to control certain components of their EEG in order to
direct the movement of a visual symbol on a monitor. Next,
a series of two-choice cognitive task was administered, such
as odd/even number and larger/smaller numbers discrim-
ination. Performance was also assessed using a matching-
to-sample paradigm, which was used to examine the ability
to discriminate numbers, letters, colors, and to perform
simple calculations. In a successive study, Iversen et al. [22]
employed the same SCP-EEG control in order to administrate
a conditional-associative learning task to a late-stage ALS
patient, testing the ability to learn arbitrary associations
among visual stimuli. In both studies, a good level of accuracy
was observed in detecting patients’ performances, according
to a within subjects experimental design. Patients were also
able to understand the verbal instructions and to respond
accordingly in the successive tasks. However, such method
requires an extensive pretraining in order to learn to control
EEG,which can take someweeks;moreover, it cannot be used
for tasks based on recall or where a choice must be made
among more than two stimuli.

Perego and coll. [23] applied a steady state visually
evoked potentials (SSVEP) based BCI system to develop a
psychometric assessment based on a widely used clinical test
(Raven Colored ProgressiveMatrices (RCPM)).The protocol

has been validated on 19 healthy subjects and compared
to a paper-based administration: results showed congruent
performances obtained with the two methods. A successive
study by the authors [24] tested the SSVEP BCI cognitive
protocol on a sample of patients with physical disabilities due
to different neurological disease and confirmed its reliability
in a clinical population; however, 11 out of 26 participants
were excluded from the protocol according to involuntary
movements and poor cooperation or because they did not
elicit SSVEP response.Westergren et al. [25] applied a SSVEP-
based BCI to develop four cognitive tests based on the
Wechsler Adult Intelligence Scale (WAIS) matrix tests; they
administered the short battery to a group of 11 healthy
subjects, obtaining findings that supported the accuracy and
usability of the developed system. Even if promising, this
protocol should be validated on a clinical population.

Overall, the described approaches present some limita-
tions, such as important rearrangement of the original cog-
nitive tests, possibly producing biased results and extensive
pretraining; furthermore, the adaptation of single cognitive
tests does not match the clinical need for a comprehensive
neuropsychological evaluation.

Differently from other BCIs approaches, P300-based
ones do not require learning of self-regulation of the brain
response and feedback. A possible reduction in training time
represents an important chance in order to extend the use
of Augmented and Alternative Communication (AAC) to
cognitive assessment purposes [26]. On the other side, the
use of P300 requires, as a precondition, an intact visual
system, at least for the visualmodality, which has been proved
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to be more reliable than the auditory one and preserved
ability to pay attention; this may represent a problem in some
patients. Recently, we presented a new verbal-motor free
neuropsychological battery, by adapting some traditional
neuropsychological tests (i.e., Token Test, Modified Card
Sorting Test (MCST), Raven Colored Progressive Matrices
(RCPM), and d2 Test) to the P300-BCI administration,
according to a reasonable adherence to the original validated
tests [27]. Usability components, relationship to clinical and
psychological variables, and convergent validity of the devel-
oped battery in a sample of ALS patients and healthy controls
were investigated. In ALS patients, the proposed P300-BCI-
based assessment showed a high rate of calibration accuracy,
together with satisfactory levels of usability and sensitivity,
independently from clinical aspects, such as disease progres-
sion (ALFRS-R) and disease onset, or psychological factors
such as anxiety and depression. Even if the described protocol
satisfies the need for a comprehensive evaluation of cognitive
abilities, some issues arise from performing several tests
with BCI; in particular, prolonged time for administration
and cognitive effort could involve fatigue effects and reduce
the reliability of the assessment. This study was included
within an extended project, evaluating P300-BCI use for
neuropsychological assessment with a particular attention
to usability, pleasantness, fatigue, and emotional aspects
[28, 29]. Within such project, preliminary attempts to adapt
another widely used traditional neuropsychological test, that
is, Verbal Fluency, have been performed as a proof of concept
which needs further investigations.

Recently, an hybrid brain-computer interface combining
P300 and SSVEP has been used to detect number processing
andmental calculation in patientswith disorder of conscious-
ness (DOC) [30]. Results were obtained on eleven patients:
five of them achieved accuracy rates that were significantly
higher than the chance level and demonstrated preserved
ability to follow commands, in addition to number process-
ing and calculation abilities. However, patients were easily
fatigued, thus leading to insufficient training data, and their
level of object-selective attention was much lower than for
healthy subjects.Moreover, gaze-dependent BCIs can provide
unreliable data in DOC patients, since they often lose their
ability to fixate their gaze; therefore, visual abilities should
be accurately evaluated when employing gaze-dependent
BCIs that should eventually be replaced by gaze-independent
systems.

Then, the field of research about the development of
cognitive tasks based on BCI for patients with motor disabil-
ities is still at dawn and represents a promising area to be
developed.

3.2. Cognitive Training in Neurological Patients and Healthy
Subjects by Means of BCI. BCI has been used to enhance
attention and other cognitive abilities (see Table 2), based on
the principle of neurofeedback (NF) therapy (T). In particu-
lar, a largely employed NFT is that based on surface EEG, as
it is relatively cheap, usable, and portable. EEG-NFT involves
that neural signals can be measured and used to improve
neural functions: patients observe a suitable graphical rep-
resentation of their actual brain activity, usually processed

through a computer, and learn to self-regulate this activity
in order to bring it to a desired state. This approach has
been used for treating several conditions, including both neu-
rological and psychological disorders, such as attention-
deficit hyperactivity disorder (ADHD), anxiety, epilepsy,
and addictive disorders [31]. Moreover, NF has also been
applied for cognitive enhancement [32–34]. Typically, tasks
involved in NFT are repetitive and standardized and respond
to the need to indicate to participants when they have
reached the required brainwave pattern. Some of results
obtained employing such approach with ADHD patients are
controversial; for example, a recent systematic review and
an experimental study [35] concluded that literature fails to
support any benefit of NF on neurocognitive functioning in
ADHD, possibly due to study limitations.An extensive review
on NF approaches is beyond the scope of this article.

Recently, EEG-BCI systems have been employed in order
to improve cognitive functions in patients with ADHD.
Munoz and colleagues [36] designed and presented a BCI-
based videogame for training sustained attention in ADHD
patients, to be implemented by means of low-cost BCI
systems. However, such system has not been validated in a
clinical population. Lim and colleagues [37, 38] developed a
series of training games, where users’ attentional levels mea-
sured by EEG signals can be used to perform exercise. Such
approach proved to be useful to enhance attention abilities in
children with ADHD, by improving parent-rated inattentive
scores on the ADHD Rating Scale.

Lee and colleagues then modified their training program
in a successive study, introducing a new game with amemory
training component addressing elderly population [39]. The
BCI training was showed to improve both attention and visu-
ospatial and memory components; moreover, usability and
acceptability rates were satisfying for the target population.
The same authors then replicated the study on a sample of
healthy, predominantly Chinese-speaking elderly, in order to
determine the generalizability of the developed system and
training task to a different linguistic population [40]. They
confirmed the BCI training potential in improving cognition
in both English- and Chinese-speaking elderly, showing its
usability and acceptability in the latter population.

Another application of BCI for cognitive enhancement
in the elderly has been developed by Gomez-Pilar and
colleagues [41, 42]. The authors developed a motor-imagery-
basedBCI system to performNF in healthy elderly, whichwas
realized bymeans of five different tasks of increasing difficulty
levels. In such tasks, subjects were trained in learning and
practice motor imagery and performing logical and memory
exercises. Feedback consisted of an item moving on the
screen, controlled by motor imagery tasks. Results from cog-
nitive tests and EEG changes showed an improvement after
five sessions. In particular, cognitive changes concerned
visuospatial, language, memory, and conceptual domains.

Such studies are of particular interest, because only few
application of NFT previously addressed cognitive enhance-
ment in the elderly [31, 43, 44].

Pineda et al. [45] also hypothesized that BCI-based NF
using specific EEG frequency bands should induce neu-
roplastic changes of the mirror neuron system in autism
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spectrum disorder (ASD). According to these suggestions,
Friedrich and colleagues [46] developed a BCI game appli-
cation for combined NF and biofeedback treatment of chil-
dren with ASD. The proposed system requires children to
modulate their brain activity and peripheral physiological
activation in social games, with feedback consisting in emo-
tional imitation behavior within social interactions. Such
approach entails the value of maintaining player interest and
realizing ecological situations in order to maximize learning
and transferability to real-life contexts.

Kim& Lee [47] employed a BCI-based functional electri-
cal stimulation (FES) training on children affected by spastic
cerebral palsy, with EEG patterns during concentration used
to trigger FES: FES was applied as patients concentrated
on finger extension, wrist extension, wrist abduction, and
wrist circumduction while holding a wrist bar. SMRs and
middle beta waves (M-beta) were recorded prior and after
the training as outcomemeasures. Results showed an increase
of such indexes that are associated with logical thinking,
problem solving, and attentiveness to external stimuli, sug-
gesting an effect of the performed training also on nonmotor
functions. Salisbury and colleagues [48] presented a single-
case feasibility study on a patient with spinal cord injury
(SCI), where EEG-BCI was employed for reducing pain and
improving nonmotor functions such as mood and cognition,
as part of inpatient rehabilitation treatment. Even if no data
are presented about the described therapeutic goals, the study
supported the feasibility and tolerability of this approach in
the patient. A successive study on an extended sample of SCI
patients [49] did not show any effect of the BCI training on
measures related to cognition, psychological disposition, and
pain.

Another application of BCI to recovery cognitive func-
tions regards aphasia rehabilitation in stroke patients [50, 51].
Kleih and colleagues [50] supported the feasibility of a P300-
BCI speller communication system with aphasic patients,
after implementation of individualized adaptations and some
training. According to the authors, further application of the
developed approach could involve improvement of neural
plasticity by activating language circuits, promoting aphasia
recovery. Musso and colleagues [51] preliminary investigated
the presence of neuronal markers of auditory attention and
acoustic processing as prerequisite for auditory BCI appli-
cation in a stroke patient and concluded that BCI training
could be feasible for him. Such promising findings should
be supported by further investigations on the target sample,
but could be preliminary to BCI applications for rehabil-
itation of speech production deficits in aphasic patients.
Additionally, also memory functions have been addressed
in stroke patients with BCI-based NF interventions [52].
The authors employed a set of relevant neurophysiological
indexes that revealed sensitive to training intervention out-
comes, therefore useful to be integrated to standard neu-
ropsychological assessment results to evaluate and quantify
the changes induced by the BCI-based cognitive rehabilitative
intervention.

Burke and colleagues [53] used intracranial EEG (iEEG)
in neurosurgical patients to detect theta and alpha oscillations
which correlate with optimal memory encoding, thus using

them to trigger item presentation in a free recall task. This
is the first application of iEEG in a BCI to enhance memory
functions.

Besides EEG, NF studies based on functional magnetic
resonance (MRI) have been shown to produce behavioral
changes in schizophrenia and in substance addiction disor-
ders. Several studies investigated the effect of volitional brain
regulation of specific areas, such as amygdala and anterior
cingulate, on cognition and behavior. Based on this findings,
Rana and colleagues [54] investigated the feasibility of apply-
ing real-time feedbackMRINF in aging research. In a sample
of healthy elderly, they showed that volitionally control of
anterior insula during a facial emotion recognition task is
associated with increased cognitive flexibility, supporting the
efficacy of this approach for cognitive enhancement and
training.

Another interesting field of work concerns the use of
virtual reality as a therapeutic intervention for neuroreha-
bilitation and its integration with BCI systems [55]. An
interesting application of such model is that of Rohani and
Puthusserypady [56], who realized a P300 based VR (virtual
classroom) system for training attention abilities in ADHD
patients. This study is also the first attempt to develop a
BCI system for attention training that is based on P300
potential, according to its direct link to attentional and
voluntary cognitive activity. The developed system, tested in
healthy participants, revealed to be promising, as supported
by usability and motivational aspects.

Overall, the presented studies involve increasing levels
of complexity and sophistication with respect to traditional
NFmodels: the integration of multidimensional indexes (i.e.,
neuropsychological, neurophysiological, and behavioral), the
realization of engaging and realistic settings for training
of cognitive functions, and the use of innovative BCI sys-
tems.

4. Conclusions

We presented an overview of studies employing different
BCI systems with the aim of realizing cognitive assessment
or rehabilitation protocols. Main measures and procedures
adopted for the described purposes are summarized as
follows. With regard to cognitive assessment, the studies
presented mainly employed ad hoc designed cognitive tasks,
realized according to the characteristics and restrictions of
the BCI paradigm adopted [21, 22, 25, 30]. Cipresso et al.
[28, 29] used a widely known cognitive test, that is, Verbal
Fluency, even if with relevantmodifications in administration
and scoring methods with respect to the traditional “paper
and pencil” version, in order to adapt to the BCI system.
Differently, a few authors [23, 24, 27] realized a BCI-based
version of a validated and standardized neuropsychologi-
cal measure of fluid intelligence, that is, the RCPM, with
particular attention at maintaining a reasonable adherence
to the original test. Both authors highlighted convergent
validity of the adapted test with other related paper and pencil
measures. Poletti et al. [27] also realized adaptations of other
traditional validated neuropsychological tests, by extending
the purposes toward the realization of a verbal-motor free
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comprehensive neuropsychological battery similar to that
employed in clinical settings.

According to cognitive rehabilitation, the methods seem
more heterogeneous, according both to the different clinical
populations involved (i.e., ADHD, healthy elderly, stroke
patients, and spinal cord injury) and to the specific target
of cognitive interventions (attention, memory, language, and
visuospatial abilities). Typically, cognitive rehabilitation relies
on a set of tasks and procedures that are more flexible and
adaptable than those used for cognitive evaluation purposes,
since it is tailored on patients’ specific needs and residual
capacities. Moreover, the realization of engaging settings
for cognitive training, sometimes involving gaming systems,
entails the realization of more realistic and interactive pro-
tocols that needs to be consistently adopted across several
studies for standardization.

With regard to clinical populations recruited, despite BCI
application for cognitive assessment mainly addressed clin-
ical populations with physical disabilities up to locked-in
conditions (i.e., ALS and MCS), for whom BCI and other
assistive technologies were firstly developed, cognitive reha-
bilitation has been mainly used with target patients of NFT
(ADHD, ASD, and cognitive enhancement in the elderly).
An emerging field of study concerns BCI application for
rehabilitation of language deficit in stroke patients, even if few
and heterogeneous findings have been collected as yet.

An interesting finding arising from the present review
concerns the limited number of studies addressing the use of
BCI for cognitive assessment of patients with physical lim-
itations, despite the clinical and ethical relevance of longitu-
dinal neuropsychological evaluation in neurological disorder,
especially in neurodegenerative conditions. Perhaps, the need
for an expensive equipment and specific competencies in
order to use the system and analyze data is one of the main
obstacles in the use of BCI in clinical settings. At present, a
widely used BCI paradigm is the visual P300 BCI: even if it
requires patients to perform ocular movements and fixation
to some extent, several studies demonstrated that it can be
employed also with ALS patients in the late stage of the
disease where oculomotor abilities are often altered [57, 58].
However, several studies have proposed gaze-independent
P300 or SSVEP-based BCIs for patients with DOCwho often
lose the ability to fixate their gaze in order to overwhelm such
clinical and methodological issue [30].

With regard to the use of BCI alongside more tradi-
tional NF applications, feedback visualizations in NFT (and
biofeedback) paradigms range from controlling a simple
bar graph to more complex and realistic visual stimuli. In
typical application of NFT, the feedback is not related to the
specific meaning of the signals being trained or the expected
behavioral outcomes. However, a specific feedback for certain
signals being trained might be more effective in promot-
ing behavioral changes by activating specific brain areas.
Moreover, the level of motivation involved in performing
the task is increased by the sense of agency that the user
perceive, that is, its capacity of making something relevant
happen. For these purposes, the introduction of new ways of
providing feedback and reward within BCI-based NFT, such
as virtual reality environments, appears promising to improve

efficacy and transferability of learnings to real-life con-
texts.

Another issue concerning the use of BCI for both cog-
nitive assessment and, more specifically, rehabilitation pur-
poses is that of slow learners, particularly applicable to
older adults [54]. The possibility of integrating expensive
modalities targeting deep brain region, such as fMRI-based
NF, with less cost-intensive NF training methods, that is,
EEG, could help in providing a longer training period to
such population. An emerging technology, useful for these
purposes, is represented by real-time fMRI (rtfMRI) [59].
Even if this approach has been poorly investigated with
randomized clinical studies, its potential application in com-
bination with other technologies deserves further considera-
tion.

To conclude, some emerging challenges arise from the
present review and represent possible relevant targets of
future investigation within the field of BCI use for clinical
purposes. In particular:

(1) the possibility of bringing BCI-based training into
patient’s home, by developing low-cost and portable
systems, in order to provide more intensive, effective,
and long-term treatments of cognitive functions;

(2) in relation to the previous point, the improvement of
usability (simplification of procedures) and customiz-
ability of BCIs to users’ characteristics and cognitive
capacities; in particular, the issue of usability investi-
gation has not been detailed in the present review, but
represents a relevant aspect when dealingwith clinical
populations and their families [7];

(3) the investigation about outcomes of BCI-based cog-
nitive interventions, with respect to brain functional
changes and reorganization; in particular, the use of
quantitative measures, such as fMRI and EEG, to be
integrated with behavioral and neuropsychological
findings, will help to better clarify the efficacy and
impact of training protocols, as also suggested by
recent reviews [60, 61];

(4) the improvement in realization of BCI-based neu-
ropsychological tests, to be validated in clinical popu-
lations against gold standard measures; in particular,
such approach should take into consideration the
simplification of procedures for tests’ administration
and a limited number of items composing each test, in
order to reduce cognitive effort and interference in the
detection of patients’ cognitive profiles; according to
these increased usability and reliability components,
several aspects of cognition should be involved in
BCI-based assessment protocols, in order to meet
clinical and ethical needs involved in neurodegenera-
tive disorders.

Overall, even with some limitations due to technical and
methodological issues, literature onBCI highlights promising
findings in both cognitive assessment and training contexts,
thus promoting innovative BCI-based applications for neu-
rorehabilitation settings and aging research.
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This paper introduces a method for feature extraction and emotion recognition based on empirical mode decomposition (EMD).
By using EMD, EEG signals are decomposed into IntrinsicMode Functions (IMFs) automatically.Multidimensional information of
IMF is utilized as features, the first difference of time series, the first difference of phase, and the normalized energy.Theperformance
of the proposed method is verified on a publicly available emotional database. The results show that the three features are effective
for emotion recognition.The role of each IMF is inquired and we find that high frequency component IMF1 has significant effect on
different emotional states detection.The informative electrodes based on EMD strategy are analyzed. In addition, the classification
accuracy of the proposed method is compared with several classical techniques, including fractal dimension (FD), sample entropy,
differential entropy, and discrete wavelet transform (DWT). Experiment results on DEAP datasets demonstrate that our method
can improve emotion recognition performance.

1. Introduction

Emotion plays an important role in our daily life and work.
Real-time assessment and regulation of emotionwill improve
people’s life andmake it better. For example, in the communi-
cation of human-machine-interaction, emotion recognition
will make the process more easy and natural. Another
example, in the treatment of patients, especially those with
expression problems, the real emotion state of patients will
help doctors to provide more appropriate medical care. In
recent years, emotion recognition from EEG has gainedmass
attention. Also it is a very important factor in brain computer
interface (BCI) systems, which will effectively improve the
communication between human and machines [1].

Various features and extraction methods have been pro-
posed for emotion recognition from EEG signals, including
time domain techniques, frequency domain techniques, joint
time-frequency analysis techniques, and other strategies.

Statistics of EEG series, that is, first and second difference,
mean value, and power are usually used in time domain [2].
Nonlinear features, including fractal dimension (FD) [3, 4],

sample entropy [5], and nonstationary index [6], are utilized
for emotion recognition. Hjorth features [7] had also been
used in EEG studies [8, 9]. Petrantonakis and Hadjileon-
tiadis introduced higher order crossings (HOC) features
to capture the oscillatory pattern of EEG [10]. Wang et
al. extracted frequency domain features for classification
[11]. Time-frequency analysis is based on the spectrum of
EEG signals; then the energy, power, power spectral density
(PSD), and differential entropy [12] of certain subband are
usually utilized as features. Short-time Fourier transform
(STFT) [13, 14], Hilbert-Huang transform (HHT) [15, 16],
and discrete wavelet transform (DWT) [17–19] are the most
commonly used techniques for spectrum calculating. It has
been commonly tested and verified that higher frequency
subband such as Beta (16–32Hz) and Gamma (32–64Hz)
bands outperforms lower subband for emotion recognition
[20, 21].

Other features extracted from combination of electrode
are utilized too, such as coherence and asymmetry of elec-
trodes in different brain regions [22–24] and graph-theoretic
features [25]. Jenke et al. had done a research comparing the
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Figure 1: Block diagram of the proposed method.

performance of different features mentioned above and got a
guiding rule for feature extraction and selection [26].

Some other strategies such as utilizing deep network
to improve the classification performance have also been
researched. Zheng and Lu used deep neural network to
investigate critical frequency bands and channels for emotion
recognition [27]. Yang et al. used hierarchical network with
subnetwork nodes for emotion recognition [28].

EMD is proposed by Huang et al. in 1998 [29]. Unlike
DWT, which needs to predetermine transform base function
and decomposition level, EMD can decompose signals into
IMF automatically. These IMFs represent different frequency
components of original signals, with band-limited charac-
teristic. By applying Hilbert transform to IMF, we can get
instantaneous phase information of IMF. So EMD is suitable
for analysis of nonlinear and nonstationary sequence, such as
neural signals.

EMD is a good choice for EEG signals and we utilize it
for emotion recognition from EEG data. Which feature is
effective for emotion recognition in EMD domain? Which
IMF component is best for classification? Is the performance
based on EMD strategy better compared to time domain
method and time-frequency method or not? All these have
not been researched yet and we investigate them in our
research.

EMD has been widely used for seizure prediction and
detection, but for emotion recognition based on EMD, there
is not so much research. Higher order statistics of IMFs [30],
geometrical properties of the decomposed IMF in complex
plane [31], and the variation and fluctuation of IMF [32]
are used as features for seizure prediction and detection.
For emotion recognition, Mert and Akan extracted entropy,
power, power spectral density, correlation, and asymmetry of
IMF as features and then utilized independent component
analysis (ICA) to reduce dimension of the feature set [33].
The classification accuracy is computed with all the subjects
mixed together.

In this paper, we present an emotion recognition method
based on EMD. We utilize the first difference of IMF time
series, the first difference of the IMF’s phase, and the nor-
malized energy of IMF as features. The motivation of using
these three features is that they depict the characteristics
of IMF in time, frequency, and energy domain, providing
multidimensional information. The first difference of time
series depicts the intensity of signal change in time domain.

The first difference of phase measures the change intensity in
phase and normalized energy describes the weight of current
oscillation component.The three features constitute a feature
vector, which is fed into SVM classifier for emotional state
detection.

The proposed method is studied on a publicly available
emotional database DEAP [20]. The effectiveness of the
three features is investigated. IMF reduction and channel
reduction for feature extraction are both discussed, which
aim at improving the classification accuracy with less compu-
tation complexity. The performance is compared with some
other techniques, including fractal dimension (FD), sample
entropy, differential entropy, and time-frequency analysis
DWT.

2. Method

To realize emotional state recognition, the EEG signals are
decomposed into IMFs by EMD. Three features of IMFs, the
fluctuation of the phase, the fluctuation of the time series, and
the normalized energy, are formed as a feature vector, which
is fed into SVM for classification. The whole process of the
algorithm is shown in Figure 1.

2.1. Data and Materials. DEAP is a publicly available dataset
for emotion analysis, which recorded EEG and peripheral
physiological signals of 32 participants as they watched 40
music videos. All the music video clips last for 1 minute,
representing different emotion visual stimuli, with grade
from 1 to 9. Among the 40 music videos, 20 are high
valence visual stimuli and 20 are low valence visual stimuli.
The situation is exactly the same for arousal dimension.
After watching the music video, participants performed a
self-assessment of their levels on arousal, valence, liking,
dominance, and familiarity, with ratings from 1 to 9. EEG
was recorded with 32 electrodes, placing according to the
international 10-20 system. Each electrode recorded 63 s EEG
signal, with 3 s baseline signal before the trial.

In this paper, we used the preprocessed EEG data for
study, with sample rate 128Hz and band range 4–45Hz. EOG
artefacts were removed as method in [20]. The data was seg-
mented into 60-second trials and a 3-second pretrial baseline
removed. The binary classifications of valence and arousal
dimension are considered. We utilized the participants’ self-
assessment as label. If the participant’s rating was <5, the label
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of valence/arousal is low and if the rating was ≥5, the label of
valence/arousal is high.

Each music video lasts for 1 minute, and 5 s EEG signals
are extracted as a sample. So for each subject who watched 40
music videos, we acquire 480 labeled samples.

2.2. Empirical Mode Decomposition. EMD decomposes EEG
signals into a set of IMFs by an automatic shifting process.
Each IMF represents different frequency components of
original signals and should satisfy two conditions: (1) during
the whole data set, the number of extreme points and the
number of zero crossings must be either equal or differ at
most by one; (2) at each point, themean value calculated from
the upper and lower envelope must be zero [29]. For input
signal 𝑥(𝑡), the process of EMD is as follows:

(1) Set ℎ(𝑡) = 𝑥(𝑡) and ℎold(𝑡) = ℎ(𝑡).
(2) Get local maximum and minimum of ℎold(𝑡).
(3) Interpolate the local maximum and minimum with

cubic spline function and get the upper envelope
𝑒max(𝑡) and lower envelope 𝑒min(𝑡).

(4) Calculate the mean value of the upper and lower
envelope as

𝑚(𝑡) = (𝑒min (𝑡) + 𝑒max (𝑡))
2 . (1)

(5) Subtract ℎold(𝑡) with𝑚(𝑡):

ℎnew (𝑡) = ℎold (𝑡) − 𝑚 (𝑡) . (2)

If ℎnew(𝑡) satisfies the two conditions of IMF, then the first
IMF component imf1 is gotten; otherwise, set ℎold(𝑡) =
ℎnew(𝑡) and go to step (2), repeating steps (2)–(5) until ℎnew(𝑡)
satisfies the two conditions of IMF. Finally imf1 is gotten as

imf1 = ℎnew (𝑡) . (3)

(6) If imf𝑛 is gotten, set ℎold(𝑡) as

ℎold (𝑡) = ℎold (𝑡) − imf𝑛. (4)

Go to step (2) and repeat steps (2)–(5) to get imf𝑛+1.
By the iterative process described above, 𝑥(𝑡) can be

finally expressed as

𝑥 (𝑡) =
𝐿

∑
𝑛=1

imf𝑛 + 𝑟. (5)

It is a linear combination of IMF components and the residual
part 𝑟. Figure 2 shows a segment of original EEG signals
corresponding to the first five decomposed IMFs. EMDworks
like an adaptive high pass filter. It shifts out the fastest
changing component first and as the level of IMF increases,
the oscillation of IMF becomes smoother. Each component is
band-limited, which can reflect the characteristic of instanta-
neous frequency.

2.3. Feature Extraction. In this paper, three features of IMF
are utilized for emotion recognition, the first difference of
time series, the first difference of phase, and the normalized
energy.The first difference of time series depicts the intensity
of signal change in time domain. The first difference of
phase reveals the change intensity of phase, representing the
physical meaning of instantaneous frequency. Normalized
energy describes theweight of current oscillation component.
Themotivation of using these three features is that they depict
the characteristics of IMF in time, frequency, and energy
domain, utilizing multidimensional information.

2.3.1. First Difference of IMF Time Series. The first difference
of times series𝐷𝑡 depicts the intensity of signal change in time
domain. Previous research has revealed that the variation of
EEG time series can reflect different emotion states [2]. For an
IMF component with 𝑁 points, IMF{imf1, imf2, . . . , imf𝑁},
the definition of𝐷𝑡 is

𝐷𝑡 =
1
𝑁 − 1

𝑁−1

∑
𝑛=1

|imf (𝑛 + 1) − imf (𝑛)| . (6)

2.3.2. First Difference of IMF’s Phase. Based on EMD, EEG
is decomposed into multilevel IMFs, each IMF being band-
limited and representing an oscillation component of original
EEG signals. For an𝑁-point IMF, IMF{imf1, imf2, . . . , imf𝑁},
Hilbert transform is applied to it, obtaining an analytic signal
𝑧(𝑛)

𝑧 (𝑛) = 𝑥 (𝑛) + 𝑗𝑦 (𝑛) . (7)

The analytic signal can be further expressed as follows:

𝑧 (𝑛) = 𝐴 (𝑛) 𝑒𝑗𝜑(𝑛), (8)

where 𝐴(𝑛) = √𝑥(𝑛)2 + 𝑦(𝑛)2 is the amplitude of 𝑧(𝑛) and
𝜑(𝑛) = arctan(𝑦(𝑛)/𝑥(𝑛)) is the instantaneous phase.

First difference of phase𝐷𝑝 is defined as

𝐷𝑝 =
1
𝑁 − 1

𝑁−1

∑
𝑛=1

𝜑 (𝑛 + 1) − 𝜑 (𝑛) (9)

which measures the change intensity in phase and represents
the physical meaning of instantaneous frequency.

2.3.3. Normalized Energy of IMF. For an 𝑁-point IMF,
IMF{imf1, imf2, . . . , imf𝑁}, the normalized energy 𝐸norm is
defined as follows:

𝐸norm =
∑𝑁𝑛=1 imf2 (𝑛)
∑𝑁𝑛=1 𝑠2 (𝑛)

, (10)

where 𝑠(𝑛) is the original EEG signal points. So the numerator
is the energy of IMF and the denominator represents the
energy of original EEG data set. The normalized energy
describes the weight of current oscillation component.When
fed into the classifier, log(𝐸norm) is taken as an element of the
feature vector according to [26].
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Figure 2: EEG signals and the corresponding first five IMFs.

2.4. SVM Classifier. The extracted features are fed into SVM
for classification. SVM iswidely used for emotion recognition
[34, 35], which has promising property in many fields. In our
study, LIBSVM is implemented for SVM classifier with radial
basis kernel function and default parameters setting [36].

3. Performance Verification

In the following subsections, we test our method on DEAP
emotional dataset. Training and classifying tasks were con-
ducted for each subject independently and we utilized leave-
one-trail-out validation to evaluate the classification perfor-
mance. Each subject watched 40 music video clips, and every
video clips lasted 1 minute. In our experiment, we utilized the
participants’ self-assessment as label. Every 5 s EEG signals
are extracted as a sample, so for each subject we acquire 480
labeled samples.

In leave-one-trail-out validation, for each subject, 468
samples extracted from 39 trails were assigned to training
set, and 12 samples extracted from the remaining one trail
were assigned to test set. So there was no correlation between
samples in the training set and the test set. Among the total
40 trails of one subject, each trail will be assigned to the test
set once as the validation data.The 40 results from the 40 test
trails then can be averaged to produce a general estimation for

each subject. The final mean accuracy is computed among all
the subjects.

3.1. Effectiveness of the Features for Emotion Recognition. In
order to evaluate the effectiveness of the three features for
emotion recognition, we first use only one single feature
for classification each time. All the experiments in this
subsection are under the condition that the first five IMF
components and total 32 electrodes are utilized for feature
extraction. The training and classifying for each subject
were conducted, respectively, and the mean accuracy was
computed among all the subjects.

The mean classification accuracies of three features are
given in Figure 3. It shows that all the three features can
distinguish high level from low level on both valence and
arousal dimension, higher than random probability of 50%.
For valence dimension, the classification accuracy yields
68.27%, 64.46%, and 61.07% with features 𝐷𝑡, 𝐷𝑝, and
𝐸norm, respectively. For arousal dimension, the classification
accuracy yields 69.89%, 67.56%, and 63.76% with features𝐷𝑡,
𝐷𝑝, and 𝐸norm, respectively.

3.2. IMF Reduction for Feature Extraction. In this subsec-
tion, we did two experiments to investigate the role of
different IMF components in emotion recognition. In the
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Table 1: Comparison of performance for different IMFs selected for feature extraction (32 channels) (standard deviation shown in
parentheses).

Component Valence Arousal
Accuracy (%) 𝑡-test (IMF1) Accuracy (%) 𝑡-test (IMF1)

IMF1 70.41 (7.05) 𝑝 = 1 72.10 (7.51) 𝑝 = 1
IMF2 63.47 (7.10) 𝑝 = 0.0002 66.58 (9.36) 𝑝 = 0.0032
IMF3 61.45 (8.57) 𝑝 = 0 64.56 (10.52) 𝑝 = 0.0019
IMF4 59.55 (8.56) 𝑝 = 0 63.99 (10.96) 𝑝 = 0.0012
IMF5 55.74 (9.20) 𝑝 = 0 62.38 (12.23) 𝑝 = 0
IMF1-2 69.02 (7.00) 𝑝 = 0.4399 70.47 (8.29) 𝑝 = 0.1940
IMF1–3 68.47 (6.69) 𝑝 = 0.2705 70.08 (8.10) 𝑝 = 0.3116
IMF1–4 67.99 (6.58) 𝑝 = 0.1688 69.60 (8.08) 𝑝 = 0.2107
IMF1–5 67.59 (6.58) 𝑝 = 0.1086 69.00 (8.37) 𝑝 = 0.1293
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Figure 3: Classification accuracies of three single features. For each
subject, one single feature was extracted from the first five IMF
components. “𝐷𝑡,” “𝐷𝑝,” and “𝐸norm” in the figure are corresponding
to the three single features, respectively. The mean accuracies for
all circumstances were computed among all the subjects. Error
bars show the standard deviation of the mean accuracies across all
subjects.

first experiment, each time only one IMF component was
utilized for feature extraction and we analyzed which IMF is
effective for emotion recognition. In the second experiment,
we further verified whether the combination of multi-IMFs
would improve the accuracy.

Table 2 gives all the results in detail. Standard deviation
of the mean accuracies across all subjects is shown in
parenthesis. “IMF1,” “IMF2,” “IMF3,” “IMF4,” and “IMF5”
are corresponding to single IMF component. “IMF1–3” in
the table represents the first three IMFs, corresponding to
IMF1, IMF2, and IMF3. Similarly, “IMF1–4” and “IMF1–5”
are corresponding to the first four IMFs and the first five
IMFs, respectively.

It shows that IMF1 yields the best performance, 70.41%
for valence and 72.10% for arousal. As the level increases, the
performance decreases sharply. The performance of IMF5 is
only 55.74% for valence and 62.38% for arousal. We applied
𝑡-test (𝛼 < 0.05) to examine the performance between only

Table 2: Performance of 8 channels selected for feature extraction
(Fp1, Fp2, F7, F8, T7, T8, P7, and P8) (standard deviation shown in
parentheses).

Predict
Label

Valence Arousal
High Low High Low

High 6664 2723 7493 2748
Low 2024 3949 1555 3564
𝐹1 score 0.7374 0.7769
Accuracy (%) 69.10 (6.95) 71.99 (7.77)

IMF1 utilized for feature extraction and other circumstances.
The null hypothesis is “the performance is similar” and if 𝑝
value is larger than 𝛼, the null hypothesis is accepted. The
results of 𝑡-test in Table 1 show that the performance of IMF1
is more splendid than other single components, IMF2, IMF3,
IM4, and IMF5, with 𝑝 far less than 0.05. It also shows that
performance of multi-IMF combinations is similar to only
IMF1 utilized for feature extraction, with 𝑝 larger than 0.05.

IMF1 represents the fastest changing component of EEG
signals, with the highest frequency characteristic. As the level
increases, the oscillation becomes smoother with frequency
becoming lower and lower. So we infer that the valence and
arousal of emotion relate more tightly to high frequency. It is
also coincided with the finding in [26] that Beta (16–32Hz)
and Gamma (32–64Hz) bands are successfully selected more
often than other bands.These two bands are higher frequency
subbands of EEG signals.

So combining the results of classification accuracy and 𝑡-
test, in practical use, we just need to extract features from
IMF1, which will save vast time and relieve computation
burden because only one level of EMDdecompositionneeded
to be done.

3.3. Channel Reduction for Feature Extraction. Form verifi-
cation in Section 3.2, we know that using component IMF1
will achieve good performance. In this subsection, we will
investigate which electrodes are informative based on EMD
strategy.
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Figure 4: Fisher distance of different channels with subject 1. Features are extracted from component IMF1. For each channel, Fisher distance
is calculated among features extracted from 480 labeled emotion samples of subject 1. (a) Fisher distance under feature𝐷𝑡. (b) Fisher distance
under feature𝐷𝑝. (c) Fisher distance under feature 𝐸norm.

Fisher distance is an efficient criterion of divisibility
between two classes, which is broadly used in pattern
recognition. It computes the ratio of between-class scatter
degree and within-class scatter degree between two classes.
Larger ratio means larger divisibility of the two classes. In
our experiment, we used fisher distance to mark important
electrodes under condition that IMF1 is used for feature
extraction. For each channel, fisher distance is calculated
among features extracted from one subject’s total 480 labeled
emotion samples.

Figure 4 gives fisher distance on valence dimension with
subject 1. Figure 4(a) shows that, under feature𝐷𝑡, electrodes
Fp1, Fp2, FC6, Cp1, O1, andOz have larger values. Figure 4(b)

shows that, under feature 𝐷𝑝, Fp1, FC6, Cp1, Cp2, O1, Oz,
P7, and P8 have larger values. Figure 4(c) shows that, under
feature𝐸norm, F7, F8, T7, T8, P7, P8,O1,O2, andOzhave larger
values.

Based on the analysis of all the subjects, we selected the
following 8 electrodes Fp1, Fp2, F7, F8, T7, T8, P7, and P8
for channel reduction verification. Table 2 gives 𝐹1 score and
classification accuracy with 8 channels selected for emotion
recognition. We see that 𝐹1 score is 0.7374 for valence and
0.7769 for arousal.The classification accuracywith 8 channels
is 69.10% for valence and 71.99% for arousal, slightly lower
than accuracy with total 32 channels. We also applied 𝑡-test
to examine whether the performance of 8 channels is similar
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Figure 5: Classification accuracies of different methods. “FD,”
“SampEn,” and “DE” in the figure are corresponding to fractal
dimension, sample entropy, and differential entropy, respectively.
The mean accuracy was computed among all the subjects. Error
bars show the standard deviation of the mean accuracies across all
subjects.

to total 32 channels. The null hypothesis is “the performance
is similar” and if𝑝 value is larger than 𝛼, the null hypothesis is
accepted. The 𝑡-test result shows that the performance under
8 channels and 32 channels is similar, with 𝑝 = 0.4194 for
valence and 𝑝 = 0.9521 for arousal.

So in practical use, we just need to extract features from
IMF1 with 8 channels. Our offline experiment used every 5 s
EEG signals as a labeled emotion sample. This infers that our
method may provide a new solution for real-time emotion
recognition in BCI systems.

3.4. Results Comparison with Other Methods. In this subsec-
tion, we compared our proposed method with some classical
methods, including fractal dimension (FD), sample entropy,
differential entropy, and time-frequency analysis DWT. We
used box counting for fractal dimension calculating. The
parameter for sample entropy SampEn(𝑚, 𝑟,𝑁)was set as 𝑟 =
0.2, 𝑚 = 2, and 𝑁 = 128. We used “db4” decomposition to
realize DWT.Then the differential entropy of Beta (16–32Hz)
and Gamma (32–64Hz) bands is extracted as features. Our
methodused IMF1 for feature extraction of𝐷𝑡,𝐷𝑝, and𝐸norm.
For all the methods, 8 selected channels FP1, FP2, F7, F8, T7,
T8, P7, and P8 are used for feature extraction.

From Figure 5 and Table 3, we see that our method
yields the highest accuracy, 69.10% for valence and 71.99%
for arousal. We applied 𝑡-test (𝛼 < 0.05) to examine the

performance between classical method and our method. The
null hypothesis is “the performance is similar” and if 𝑝 value
is larger than 𝛼, the null hypothesis is accepted. The results
of 𝑡-test in Table 3 show that the performance of our method
is more splendid than fractal dimension, sample entropy, and
differential entropy of Beta band with 𝑝 far less than 0.05. It
also shows that the performance of ourmethod is similar and
better than the differential entropy of Gamma band.

EMD strategy outperforms time domainmethod, includ-
ing fractal dimension and sample entropy. This is because
compared to methods in time domain, EMD has the advan-
tage of utilizing more oscillation information. Compared
to time-frequency method DWT, EMD can decompose
EEG signals automatically, getting rid of selecting transform
window first. The classification accuracy is also higher than
DWT. So the experiment results infer that our method based
on EMD strategy is suitable for emotion recognition from
EEG signals.

4. Discussion

Emotion recognition from EEG signals has achieved signifi-
cant progress in recent years. Previous methods are usually
conducted in time domain, frequency domain, and time-
frequency domain. In this paper, we propose a method of
feature extraction for emotion recognition in EMD domain,
a new aspect of view. By utilizing EMD, EEG signals can
be decomposed into different oscillation components named
IMF automatically. The characteristics of IMF are utilized
as features for emotion recognition, including the first dif-
ference of time series, the first difference of phase, and the
normalized energy.

Compared to methods in time domain, EMD has the
advantage of utilizing more frequency information. The
experiment results show that the proposed method outper-
forms method in time domain, such as fractal dimension in
[3, 4] and sample entropy in [5]. Compared to time-frequency
methods, such as STFT and DWT, EMD can decompose
EEG signals automatically, getting rid of selecting transform
window first. The classification accuracy is also higher than
DWT in [18].

We investigate the role of each IMF in emotion classifica-
tion. Features extracted from IMF1 yield the highest accuracy.
IMF1 is corresponding to the fastest changing component
of EEG signals, so our study confirms the deduction that
emotion is more relative to high frequency component.
This consists with findings in [26] that Beta (16–32Hz) and
Gamma (32–64Hz) bands are successfully selected more
often than other bands.

Finally, we selected 8 informative channels based onEMD
strategy, namely, FP1, FP2, F7, F8, T7, T8, P7, and P8. Our
proposed method just needs to extract features from IMF1
with 8 channels, whichwill save time and relieve computation
burden. Also in our experiment, every 5 s EEG signals are
extracted as a sample, so it may provide a new solution for
real-time emotion recognition in BCI systems.

Our limitation is that nowwe just test it onDEAP dataset,
so in the future we want to experiment it on more emotional
datasets to verify the method comprehensively. Also we will
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Table 3: The mean accuracy of different kinds of methods (Fp1, Fp2, F7, F8, T7, T8, P7, and P8) (standard deviation shown in parentheses;
statistical analysis shown in column 𝑡-test).

Methods Valence Arousal
Accuracy (%) 𝑡-test (our method) Accuracy (%) 𝑡-test (our method)

Fractal dimension 53.08 (19.14) 𝑝 = 0 59.61 (20.28) 𝑝 = 0.0034
Sample entropy 57.44 (11.66) 𝑝 = 0 62.96 (13.82) 𝑝 = 0.0024
DWT + differential entropy (Beta) 60.87 (11.74) 𝑝 = 0.0013 64.66 (11.59) 𝑝 = 0.0048
DWT + differential entropy (Gamma) 67.36 (6.61) 𝑝 = 0.3185 68.55 (9.28) 𝑝 = 0.1189
Our method 69.10 (6.95) 𝑝 = 1 71.99 (7.77) 𝑝 = 1

utilize more strategies such as feature smoothing and deep
network to improve the classification accuracy.

5. Conclusion

In this paper, an emotion recognitionmethod based on EMD
using three statistics is proposed. An extensive analysis has
been carried out to investigate the effectiveness of the features
for emotion classification. The results show that the three
features are suitable for emotion recognition. Then the effect
of each IMF component is inquired. The results reveal that,
among the multilevel IMFs, the first component IMF1 plays
the most important role in emotion recognition. Also the
informative channels based on EMD strategy are investigated
and 8 channels, namely, FP1, FP2, F7, F8, T7, T8, P7, and
P8, are selected for feature extraction. Finally, the proposed
method is compared with some classical methods and our
method yields the highest accuracy.
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Target image detection based on a rapid serial visual presentation (RSVP) paradigm is a typical brain-computer interface system
with various applications, such as image retrieval. In an RSVP paradigm, a P300 component is detected to determine target images.
This strategy requires high-precision single-trial P300 detection methods. However, the performance of single-trial detection
methods is relatively lower than that of multitrial P300 detection methods. Image retrieval based on multitrial P300 is a new
research direction. In this paper, we propose a triple-RSVP paradigm with three images being presented simultaneously and a
target image appearing three times.Thus, multitrial P300 classification methods can be used to improve detection accuracy. In this
study, these mechanisms were extended and validated, and the characteristics of the multi-RSVP framework were further explored.
Two different P300 detection algorithms were also utilized in multi-RSVP to demonstrate that the scheme is universally applicable.
Results revealed that the detection accuracy of themulti-RSVP paradigmwas higher than that of the standard RSVP paradigm.The
results validate the effectiveness of the proposed method, and this method can provide a whole new idea in the field of EEG-based
target detection.

1. Introduction

A brain-computer interface (BCI) is an advanced human-
machine interaction technology that uses a person’s elec-
troencephalogram (EEG) and analyzes his/her intentions to
interact with the external environment directly. Target image
detection based on a rapid serial visual presentation (RSVP)
paradigm is a typical BCI application [1, 2].

In the RSVP paradigm, a rapid sequence of images,
such as four images per second, is sequentially presented to
participants in the same location.As these participants see the
target image, they likely induce a special P300 component.
The P300 component is a common event-related potential
(ERP) component that shows a peak waveform when a small
probability event is observed after 300–500ms [3]. And the
P300 component also exhibits significant waveform char-
acteristics in the time domain [4]. Single-trial P300-based
systems, such as target image detection based on the RSVP

paradigm [1, 5], are commonly used for various BCIs. The
P300 component is also detected in the RSVP paradigm to
determine the target image of a subject of interest. A P300
detection algorithm is essential because it determines the
accuracy and reliability of BCI systems. Farwell and Donchin
[6] proposed P300 Speller and used a stepwise linear discrim-
inant analysis (SWLDA) algorithm to detect P300 compo-
nents. Krusienski et al. [7] compared the performances of var-
ious P300 detection algorithms and concluded that SWLDA
and Fisher’s linear discriminant (FDA) are suitable for the
P300 Speller system.

In the RSVP paradigm, the latency and amplitude of P300
components may vary with different experimental parame-
ters [8], such as target probability and stimulus semantics.
This variation is a great challenge for single-trial EEG clas-
sification in RSVP tasks. To overcome this problem, many
scholars proposed effective single-trial detection algorithms.
For example, a common spatial pattern is an approach used to

Hindawi
BioMed Research International
Volume 2017, Article ID 2049094, 12 pages
https://doi.org/10.1155/2017/2049094

https://doi.org/10.1155/2017/2049094


2 BioMed Research International

search for spatial filters thatmaximize the variance across two
categories [9], such as target and nontarget. Rivet et al. [10, 11]
proposed the xDawn algorithmdesigned tomaximize the dif-
ference in the signal-to-noise ratio between target and non-
target classes. Bigdely-Shamlo et al. [12] adopted spatial inde-
pendent component analysis specifically for the single-trial
classification of RSVP data to extract a set of spatial weights
and obtain maximally independent spatial-temporal sources.
Gerson et al. [13–16] proposed the hierarchical discriminant
component analysis (HDCA) algorithm to separate single-
trial EEG signals into several time windows and to calculate
the spatial filter for each time window. Alpert et al. [17]
proposed the hierarchical discriminant principal component
analysis (HDPCA) algorithm, which introduces principal
component analysis for dimensionality reduction. Marathe
et al. [18, 19] developed the sliding HDCA (sHDCA) algo-
rithm,which involves standardHDCAevaluation formulated
in a typical P300 interval (300–600ms), and a standard
HDCA classifier is slid on single-trial EEG to form a score
signal. With this special method of dimension reduction, the
imperceptible variation latency of P300 in single-trial EEG
data can adapt to the different conditions of subjects. How-
ever, the sHDCA algorithm is complex, and its computing
speed is relatively slower than that of HDCA. Cecotti et al.
[20] developed a spatiotemporal filter that uses the map
matrix of a convolutional neural network classifier input
layer to a second hidden layer. These algorithms are effec-
tive single-trial detection methods, and the target image is
assumed to appear only once.

The robustness and stability of multitrial-based P300
component detection are valuable compared to those of
single-trial detection [21]. BCI systems based on multitrial
detection have been used for extensive applications, such
as P300 Speller. However, in target detection application,
obtaining images repeatedly is inappropriate for the RSVP
paradigm because this method is time-consuming and
unconducive to real-time target detection. To solve this prob-
lem, Cecotti [22] proposed a dual-RSVP paradigm for target
recognition and obtained good results from magnetoen-
cephalography (MEG) data. In dual-RSVP paradigm, two
image sequences are simultaneously presented on a screen.
One of the image sequences is generated by another image
sequence that is delayed for a certain time; hence, the image
can appear twice. In this paper, we verified the feasibility of
the dual-RSVP paradigm proposed by Cecotti in EEG data
and further proposed a triple-RSVP paradigm. In the triple-
RSVP paradigm, images can appear thrice in the left, right,
and bottom sides of the screen.

On the basis of previously described methods and para-
digms, we characterized the components of a multi-RSVP
paradigm and revealed their contributions to improve P300
detection accuracy in EEG responses. In this study, the
P300 responsemechanism in themulti-RSVP frameworkwas
revealed and possible problems related to quadruple-RSVP
or more conditions were discussed for further improvement.
In our experiments, two different P300 detection algorithms
were used to demonstrate that the proposed multi-RSVP
framework works valuably compared to the traditional RSVP
paradigm for EEG-based target detection.

The remaining parts of this paper are organized as follows.
First, we present the general rationale for the target detection
in the RSVP paradigm. Second, we discuss the specific visual
stimulus methods used in this study. Third, we describe the
experimental methods. Fourth, we show the classification
methods and performance evaluation metrics. Finally, we
interpret the results.

2. Methods

2.1. Visual Stimuli and Procedure. The participants were
seated at 75 cm fromamonitor. Imageswere selected from the
ILSVRC15 [23], and the types of images include architecture,
birds, artifacts, fruits, aquatic organisms, and natural scenes.
The target image category was architecture. These images
were presented to the subjects under the dual-RSVP and
triple-RSVP paradigms (Figure 1).

Dual-RSVP is a novel experimental paradigm with target
detection proposed by Cecotti [22]; the image sequence
shown on the left side was presented again on the right side of
screen after a certain delay (Figures 2(a) and 2(b)). The sub-
jects gazed at the image stream on the left side until the target
image was presented.The subjects then shifted their attention
to look at the image stream on right side until the same target
was presented. Finally, the subjects focused their attention
back to the left side (Figure 3(a)). Cecotti applied this method
in the MEG data and achieved good results. In this paper,
we propose an improved form of dual-RSVP: triple-RSVP.
Similarly, the triple-RSVP simultaneously presents three
images (Figure 1(b)).The right images are formed by delaying
the left images for a short period of time, and the bottom
images are formed by delaying the right images for a period
of time (delaying the left images for longer time, Figures
2(a)–2(c)). The subject first looks at the left side, then at the
right side, and finally at the bottom side; when the target
image is noticed, the subject finally diverts his/her attention
back to the left side (Figure 3(b)). In dual-RSVP or triple-
RSVP paradigm, the same target image repeatedly appears,
and some images are missed in the process of diversion.
The probability of the continuous appearance for some target
images is small, and themissed imagesmainly are nontargets.
Therefore, the RSVP sequence does not show this condition
in our design.

The images were shown in blocks of 200 and flashed at
4Hz. For these tasks, the RSVP sequence consists of 10 blocks
(2000 images, i.e., 200 target images and 1800 nontarget
images). Each block consists of 20 target images and 180
nontarget images.We set the left image sequence delay time to
750ms (three images) and the bottom image sequence delay
time to 1500ms (six images), respectively.

2.2. Participants. In this paper, two independent experiments
were performed, namely, target detections in dual-RSVP and
triple-RSVP paradigms. Seven subjects participated in the
dual-RSVP paradigm (two females and five males, mean
age 20.6 years, standard deviation 1.3 years). Eight subjects
participated in the triple-RSVP paradigm (one female and
seven males, mean age 20.2, standard deviation 0.8 years);
this is shown in Table 1. All of the subjects were students
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Figure 1: (a) Dual-RSVP: two images were simultaneously presented at the screen left side and right side. (b) Triple-RSVP: three images were
simultaneously presented at the screen left, right, and bottom sides. The images were shown in blocks of 200 and flashed at 4Hz (250ms).
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Figure 2: (a) Original image sequence was presented to the left side of the screen. (b) Delayed image sequence was displayed on the right side
of screen. (c) Longer delayed image appeared on the bottom side of screen. The dual-RSVP includes (a) and (b). The triple-RSVP includes
(a), (b), and (c).

of Zhengzhou University without previous training in the
task. The subjects exhibited normal or corrected-to-normal
vision with no neurological problems and were financially
compensated for their participation.

2.3. EEG Acquisition and Preprocessing. EEG data were
acquired by a g.USBamp system (G.Tec company) using 16
electrodes distributed in accordance with the international
10–20 system. In this experiment, the electrooculographic

(EOG) will be introduced, because the subjects were asked
to transfer the line of sight, when the subjects see the target.
In order to ensure the accuracy of the experimental results,
we need to remove the eye artifacts before analyzing the data.
The EOG activity was recorded by two electrodes positioned
above and below the left eye. We collected a group EOC sam-
ples before the experiment and implemented the EOCartifact
removal by using the method proposed by Zhang et al. [24,
25].
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Figure 3: (a) Dual-RSVP: first, the subjects focused on the left image sequence until the target image appeared. The subjects’ attention was
diverted to the right image sequence until the same target image appeared on this side. Finally, the attention was diverted back to the left side.
(b) Similar to (a), however, the difference is that the subjects' attention should be diverted to the bottom side.

Table 1: The human subjects information.

Experiment Number of participants Average age Standard deviation
Dual-RSVP 7 (2 female and 5 male) 20.6 1.3
Triple-RSVP 8 (1 female and 7 male) 20.2 0.8

The EEGdata were sampled at 2400Hz using 200Hz low-
pass and 50Hz notch filters. Prior to scoring the images, we
preprocessed theEEGdata through the following steps: band-
pass filtering (0.5–60Hz), downsampling to 600Hz, and
baseline correction. Afterwards, the EEG data were divided
into epochs of 1000ms after the stimulus onset.

2.4. EEG Analysis. To evaluate the effectiveness of the pro-
posed method, we used the SWLDA and HDCA algorithms
to analyze the EEG data. The SWLDA algorithm is a tradi-
tional and effective P300 detection algorithm. Farwell and
Donchin [6] used the SWLDA algorithm to build the first
P300 Speller, and Krusienski et al. [7] reported that SWLDA
is the most effective early method of P300 detection. The
HDCA algorithm is a new method of P300 detection in
the RSVP experiment described by Gerson et al. [13–16].
Many scholars proposed various improved algorithms based
on HDCA. The results for SWLDA and HDCA algorithms
are a final interest score of each image. We averaged the
interest score of the same image in different image sequences
(left, right, and bottom sequences). We specified a threshold
greater than the threshold value, that is, the target image.

2.4.1. SWLDA Algorithm. The SWLDA algorithm is a fea-
ture reduction algorithm that selects suitable features to be

included in the discriminant function. The input features
are weighted through least square regression to predict the
target class labels. First, themost statistically significant initial
feature was added to the discriminant function. After each
new entry to the discriminant function, a backward stepwise
analysis was performed to remove the least significant input
features.This process was repeated until no remaining feature
satisfies the inclusion/exclusion criteria.

In this paper, the EEG data were divided into epochs.
Each epoch consists of 1000ms EEG data. Epochs corre-
sponding to a certain image were concatenated by each chan-
nel to construct a feature vector (14 channels and 60 sample
points of each channel; a total of 840 points in a feature
vector). We classified the feature vectors by SWLDA and
calculated the score for each image.

2.4.2. HDCA Algorithm. The HDCA algorithm was divided
into two layers. First, the HDCA algorithm was used to
calculate the average data and divide the original EEG data
by the timewindow size.Theweight of each channel was then
calculated in each time window to maximize the differences
between the target and nontarget classes, such as in

𝑦𝑘 = ( 1𝑁)∑𝑛 ∑𝑖
𝑤𝑘𝑖𝑥𝑖[(𝑘−1)𝑁+𝑛], (1)
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Figure 4: ERP induced by dual-RSVP. (a) All single-trial ERPs to target images at electrode Pz. (b) Grand averages across all trials of the
target EEG signals at electrode Pz. (c) All single-trial ERPs to nontarget images at electrode Pz. (d) Grand averages across all trials of the
nontarget EEG signals at electrode Pz. The red lineAmarked on (a) and (b) is the time point of the first appearance of the target image on
the left side, whereas the red lineB is the time point when the target image appeared again on the right side of the screen.

where 𝑥𝑖[(𝑘−1)𝑁+𝑛] represents the 𝑘th separate time window
value from the single-trial data. The variable corresponds to
the EEG activity at the data sample point 𝑛measured by elec-
trode 𝑖.𝑤 is a set of spatial weights.Weight vector𝑤𝑘𝑖 is found
for the 𝑘th window and 𝑖 electrode following each image
presentation (𝑇 is the temporal resolution of the timewindow
and in this paper is 0.025,𝑁 is the sampling time point of the
time window, 𝐹𝑆 is the sampling rate,𝐾 is the number of time
windows, and 𝑛 = 1, 2, . . . , 𝑁, 𝑁 = 𝑇 × 𝐹𝑆, 0 ≤ 𝑘 ≤ 𝐾).
And 𝑦𝑘 is the signal after reduced dimension in 𝑘th separate
time window. In our study, the time window size cannot be
determined in advance. Thus, we chose 25ms as the time
window size after numerous experimental repetitions. The
weight of each channel in each time window was calculated
by Fisher’s linear discriminant (FLD).

𝑦IS = ∑
𝑘

V𝑘𝑦𝑘. (2)

The results for the separate time windows (𝑦𝑘) were then
combined in a weighted 𝑦𝑘 average to provide a final interest
score (𝑦IS) for each image. FLD analysis was used to calculate

the spatial coefficient𝑤𝑘𝑖, and logistic regression was adopted
to calculate for the temporal coefficient V𝑘, such as in (2).

In this paper, the time window size is 25ms, 𝑘 = 40.

2.5. Evaluation of the Algorithm Performance. A tenfold
cross-validation was conducted to determine the accuracy of
all classification algorithms applied to the EEG data. Perfor-
mance was evaluated based on the area under the receiver
operating characteristic (ROC) curve (AUC) [26].

3. Results

3.1. Event-Related Responses. Figure 4 shows the grand mean
waveform and all single-trial ERPs induced by dual-RSVP for
a specific subject.The 𝑥-axis is the time of the waveform, and
the selected time range is 1750ms after the first appearance
of the target. The target appears twice during this period and
thus produces two P300 components.The red linemarked on
Figures 4(a) and 4(b) is the time point of the target image in
the left and right sides of screen, respectively, with the delay
of 750ms (three images). Similarly, Figure 5 shows the grand
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Figure 5: ERP induced by triple-RSVP. (a) All single-trial ERPs to target images at electrode Pz. (b) Grand averages across all trials of the
target EEG signals at electrode Pz. (c) All single-trial ERPs to nontarget images at electrode Pz. (d) Grand averages across all trials of the
nontarget EEG signals at electrode Pz. The red lineAmarked on (a) and (b) is the time point of the first appearance of the target image on
the left side, the red lineB is the time point when the target image appeared again on the right side, and the red lineC is the time point when
the target image finally appeared on the bottom side of the screen.

mean waveform and all single-trial ERPs induced by triple-
RSVP in another subject. Three distinct P300 compositions
are shown in Figure 5(b), and the 𝑥-axis time range is
2250ms after the first appearance of the target.These findings
indicate that dual-RSVP and triple-RSVP are valid for P300
and are effective in inducing P300 constituents in the EEG
background.

Figure 6 further shows the observed brain topography
for the target image under the dual-RSVP and triple-RSVP
paradigms. Figure 6(a) shows the dual-RSVP paradigm
under the brain topographic map for different time trends.
The target image first appeared on the screen left side at
0ms, followed by the second appearance at 750ms on the
screen right side. In Figure 6(a), a significant P300 activity
was observed at 300 and 1050ms (300ms after the target
occurrence). Similarly, Figure 6(b) shows the triple-RSVP
paradigm under the brain topographic map for different time
trends. The target image first appeared on the screen left side
at 0ms, followed by the second appearance at 750ms on the
screen right side, and lastly at 1500ms on the screen bottom

side. In Figure 6(b), a P300 component was observed at 300,
1050, and between 1800 and 1950ms.

3.2. Dual-RSVP and Triple-RSVP Performance. We used the
AUC value to evaluate the performance of the dual-RSVP
and triple-RSVP paradigms. In the dual-RSVP paradigm, we
compared the AUC values of the left image sequence EEG
score (single-RSVP score) and the combination of the EEG
scores from the left and right image sequences (dual-RSVP
score) using the HDCA and SWLDA algorithms. Similarly,
in the triple-RSVP paradigm, we compared the AUC values
of the left image sequence EEG score (single-RSVP score), the
combination of the EEG scores from the left and right image
sequences (dual-RSVP score), and the combination of the
EEG scores from the left, right, and bottom image sequences
(triple-RSVP score) using the HDCA and SWLDA algo-
rithms.

Table 2 shows the comparison of AUC values in dual-
RSVP paradigm and used the single- and dual-RSVP scores
for the seven subjects. Across the subjects, the AUC values of
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Figure 6: Brain topography induced by dual-RSVP and triple-RSVP. (a) Trend of brain topographicmap changes under dual-RSVPparadigm.
The target image appeared at 0ms on the screen left side and at 750ms on the screen right side, respectively. (b) Trend of brain topographic
map changes under triple-RSVP paradigm. The target image appeared at 0ms on the screen left side, at 750ms on the screen right side, and
at 1500ms on the screen bottom side, respectively.

Table 2: Values of the AUC of all subjects under the dual-RSVP paradigm.

Subjects 1 2 3 4 5 6 7 Mean SD

Left RSVP only HDCA 0.9294 0.7901 0.9019 0.8934 0.8813 0.8577 0.9205 0.8820 0.0471
SWLD 0.8226 0.6917 0.7935 0.8021 0.8074 0.7615 0.8072 0.7837 0.0448

Combining with left and right RSVP HDCA 0.9486 0.8026 0.9409 0.9358 0.9211 0.8964 0.9583 0.9148 0.0534
SWLD 0.8952 0.7293 0.8656 0.8725 0.8461 0.8268 0.9033 0.8484 0.0588

single-RSVP score from theHDCAalgorithmare in the range
of 0.790–0.929 (mean: 0.882; std: 0.047). The AUC values of
the dual-RSVP score from the HDCA algorithm are in the
range of 0.803–0.958 (mean: 0.914; std: 0.053). TheWilcoxon
signed rank test results are 𝑝 < 0.05. The AUC values of
the single-RSVP score from the SWLDA algorithm are in
the range of 0.691–0.822 (mean: 0.783; std: 0.062). The AUC
values of the dual-RSVP score from the SWLDA algorithm
are in the range of 0.729–0.903 (mean: 0.848; std: 0.048).
Wilcoxon signed rank test results are 𝑝 < 0.05.

Table 3 shows the comparison of AUC values in triple-
RSVP paradigm and the single-, dual-, and triple-RSVP
scores for the eight subjects. Across the subjects, the AUC

values of the single-RSVP score from the HDCA algorithm
are in the range of 0.916–0.952 (mean: 0.926; std: 0.017).
The AUC values of the dual-RSVP score from the HDCA
algorithm are in the range of 0.935–0.965 (mean: 0.946; std:
0.009). The AUC values of the triple-RSVP score from the
HDCAalgorithmare in the range of 0.940–0.97 (mean: 0.952;
std: 0.008). The Wilcoxon signed rank test results are 𝑝 <
0.05. The AUC values of the single-RSVP score from the
SWLDA algorithm are in the range of 0.875–0.917 (mean:
0.908; std: 0.043). The AUC values of the dual-RSVP score
from the SWLDA algorithm are in the range of 0.919–0.955
(mean: 0.936; std: 0.037). The AUC values of the triple-
RSVP score from the SWLDA algorithm are in the range of
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Figure 7: All subjects ROC curve in dual-RSVP paradigm. The red and blue line are the results of HDCA and SWLDA, respectively. The
dotted line represents the ROC curve of the left image sequence EEG score. And the solid line represents the ROC curve of combination of
the EEG scores from the left image sequence and right image sequences.

0.936–0.957 (mean: 0.948; std: 0.032). The Wilcoxon signed
rank test results are 𝑝 < 0.05.

We further plot the ROC curves of all subjects (Figures 7
and 8) in different paradigms (dual-RSVP and triple-RSVP
paradigms) and used different P300 detection algorithms
(HDCA and SWLDA). We divided the data into two parts,
one for training the classifier and one for testing. Figures 7
and 8 show the ROC curves for the test section. Figure 7 is the
ROCcurve in dual-RSVPparadigm; the red and blue lines are
the results of HDCA and SWLDA, respectively. The results
of the combined left and right RSVP sequences are better
than those of the left RSVP sequence alone. Analogously,
Figure 8 shows the ROC curves for all subjects in triple-RSVP
paradigm.The results of the combination of the left, right, and
bottomRSVP sequences are better than those of the combina-
tion of the left and right RSVP sequences, whereas the combi-
nation of the left and right RSVP sequences is better than the
left RSVP sequence alone.

4. Discussion

The multi-RSVP simultaneously presents multiple images
(left side, right side, bottom side, or more of the screen). The

right images are formed by delaying the left images for a short
period of time, the bottom images are formed by delaying the
right images for a period of time, and so on. The subject first
looks at the left side, then at the right side, and lastly at the
bottom side until the target image appears on each respective
side. Finally, the subject focuses again to the left side. Thus,
the participant views the target image for multiple times.
Experimental results show that this framework effectively
improves the accuracy of target recognition.

Obviously, presenting the target image for multiple times
effectively improves the accuracy of P300 recognition. In
the dual-RSVP paradigm or triple-RSVP paradigm, once the
subject sees the target image, he/she naturally acknowledges
that the target image will appear again in another sequence
after an approximate time. In the cognition of the subject, the
probability of the reappearance of the target image increases
and thus reduces the induced P300 attribute. As shown in
Figure 5(b), in the triple-RSVP paradigm, the peak of the
third P300 component is smaller than that of the first and
second, and the third P300 latency is longer. This finding
indicates that detection of the third P300 component is more
difficult than that of the first or second P300 component.
Figure 8 and Table 3 show that the increased performance of
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the triple-RSVP compared with the dual-RSVP is lower than
that of the dual-RSVP compared with the single-RSVP. This
finding reveals that in the multi-RSVP framework, the ability
of quadruple-RSVP (or higher) to increase the accuracy is
limited, and the complexity of the operation should also be
considered. One possible strategy to improve themulti-RSVP
framework is to randomize the reappearance time interval of
the target image in another image sequence. Hence, the sub-
ject cannot confirm the specific time when the target image
reappears. This theory will be studied in a future research.

In practical applications, we need to consider the condi-
tionswheremulti-RSVP (dual-, triple-, ormore) is applicable.
In the experiment, we assumed that the adjacent target image
does not appear; however, this phenomenon can occur in
practice. In this paper, the probability of appearance of target
image is 0.1. In the dual-RSVP paradigm, the subjects observe
the same target twice at 1250ms to 1500ms, during which
the subjects ignore the original image sequence (5-6 images)
after the target appears, during which the subjects ignore 5-6
images in the image sequence of the screen left side. Similarly,
in the triple-RSVP paradigm, the subject misses 8-9 images.
These missed images probably contain the target image. In
the quadruple- (or more) RSVP paradigm, the probability of
missing the target image is high. Therefore, the probability
of target occurrence is an important factor in selecting the
appropriate multi-RSVP (dual-, triple-, or more) paradigm.
Figure 9 shows the relationship curve of the probabilities

when the target appears and the target is missed. The target
miss probability is calculated by

𝑃miss = 1 − (1 − 𝑃target)𝑁 , (3)

where 𝑃miss represents the target miss probability in the pro-
cess of the subject transfer sight.𝑁 is the number of ignored
images, and 𝑃target is the target probability.

Thus, the multi-RSVP paradigm is valid only when the
probability of target occurrence is low. This finding impedes
the application of multi-RSVP paradigm. In practical appli-
cations, some scenes can satisfy this condition. For example,
the probability of a particular target image (such as the threat
image) is extremely low in the Cognitive Technology Threat
Warning System [27, 28]. However, serious consequences
likely occurwhen the threat of the target is undetected. Under
these conditions, the multi-RSVP paradigm is an effective
method. The target image then appears many times and thus
ensures the high-precision identification of the target.

5. Conclusion

In this study, we verified the feasibility of the dual-RSVP
paradigm [22] proposed by Cecotti in EEG data and further
established a triple-RSVP paradigm. Multi-RSVP framework
is effective for target detection. The multi-RSVP paradigm
achieves higher recognition accuracy than the standardRSVP
paradigm.
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Motor-imagery tasks are a popular inputmethod for controlling brain-computer interfaces (BCIs), partially due to their similarities
to naturally produced motor signals. The use of functional near-infrared spectroscopy (fNIRS) in BCIs is still emerging and has
shown potential as a supplement or replacement for electroencephalography. However, studies often use only two or three motor-
imagery tasks, limiting the number of available commands. In this work, we present the results of the first four-classmotor-imagery-
based online fNIRS-BCI for robot control. Thirteen participants utilized upper- and lower-limb motor-imagery tasks (left hand,
right hand, left foot, and right foot) that were mapped to four high-level commands (turn left, turn right, move forward, and move
backward) to control the navigation of a simulated or real robot. A significant improvement in classification accuracy was found
between the virtual-robot-based BCI (control of a virtual robot) and the physical-robot BCI (control of the DARwIn-OP humanoid
robot). Differences were also found in the oxygenated hemoglobin activation patterns of the four tasks between the first and second
BCI. These results corroborate previous findings that motor imagery can be improved with feedback and imply that a four-class
motor-imagery-based fNIRS-BCI could be feasible with sufficient subject training.

1. Introduction

The ability to direct a robot using only human thoughts could
provide a powerful mechanism for human-robot interaction
with a wide range of potential applications, from medical
to search-and-rescue to industrial manufacturing. As robots
becomemore integrated into our everyday lives, from robotic
vacuums to self-driving cars, it will also become more
important for humans to be able to reliably communicate
with and control them. Current robots are difficult to control,
often requiring a large degree of autonomy (which is still an
area of active research) or a complex series of commands
entered through button presses or a computer terminal. Using
thoughts to direct a robot’s actions via a brain-computer
interface (BCI) could provide a more intuitive way to issue
instructions to a robot. This could augment current efforts

to develop semiautonomous robots capable of working in
environments unsafe for humans, which was the focus of
a recent DARPA robotics challenge [1]. A brain-controlled
robot could also be a valuable assistive tool for restoring com-
munication or movement in patients with a neuromuscular
injury or disease [2].

The ideal, field-deployable BCI system should be non-
invasive, safe, intuitive, and practical to use. Many previous
studies have focused on electroencephalography (EEG) and,
to a lesser extent, functional magnetic resonance imaging
(fMRI). Using these traditional neuroimaging tools, various
proof-of-concept BCIs have been built to control the navi-
gation of humanoid (i.e., human-like) robots [3–9], wheeled
robots [10–12], flying robots [13, 14], robotic wheelchairs
[15], and assistive exoskeletons [16]. More recently functional
near-infrared spectroscopy (fNIRS) has emerged as a good
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candidate for next generation BCIs, as fNIRS measures the
hemodynamic response similar to fMRI [17, 18] but with
miniaturized sensors that can be used in field settings and
even outdoors [19, 20]. It also provides a balanced trade-off
between temporal and spatial resolution, compared to fMRI
and EEG, that sets it apart and presents unique opportunities
for investigating new approaches, mental tasks, information
content, and signal processing for the development of new
BCIs [21]. Several fNIRS-based BCI systems have already
been investigated for use in robot control [22–27].

Motor imagery, or the act of imagining moving the body
while keeping the muscles still, has been a popular choice for
use in BCI studies [3, 11, 13, 22, 23, 28–37]. It is a naturalistic
task, highly related to actual movements, which could make
it a good choice for a BCI input. While motor-execution
tasks produce activation levels that are easier to detect,
motor imagery is often preferred as issues with possible
proprioceptive feedback can be avoided [38]. EEG BCIs have
shown success with up to four classes, typically right hand,
left hand, feet, and tongue [11, 28, 29]. Other studies have
shown potential for EEG to detect difference between right
and left foot or legmotor imagery [39, 40] and even individual
fingers [41]. Studies have also used fNIRS to detect motor-
imagery tasks, with many focusing on a single hand versus
resting state [30], left hand versus right hand [31, 32], or
three motor-imagery tasks and rest [33]. Shin and Jeong used
fNIRS to detect left and right leg movement tasks in a four-
class BCI [42], and in prior studies we presented preliminary
offline classification results using left and right foot tasks
separately in a four-class motor-imagery-based fNIRS-BCI
[22, 23]. fNIRS has also been used to examine differences in
motor imagery due to force of hand clenching or speed of
tapping [34].

Many factors can affect the quality of recorded motor-
imagery data. Kinesthetic motor imagery (i.e., imagining
the feeling of the movement) has shown higher activation
levels in the motor cortex than visual motor imagery (i.e.,
visualizing the movement) [43, 44]. Additionally, individual
participants have varying levels ofmotor-imagery skill, which
also affects the quality of the BCI [45–47]. In some partici-
pants, the use of feedback duringmotor-imagery training can
increase the brain activation levels produced during motor
imagery [48, 49].

Incorporating robot control into a BCI provides visual
feedback and can increase subject motivation. Improved
motivation and feedback, both visual and auditory, have
demonstrated promise for reducing subject training time and
improving BCI accuracy [50, 51]. The realism of feedback
provided by a BCI may also have an effect on subject per-
formance during motor imagery. For example, Alimardani
et al. found a difference in subject performance in a follow-
up session after receiving feedback from viewing a robotic
gripper versus a lifelike android arm [52].

In this study, we report the first online results of a four-
classmotor-imagery-based fNIRS-BCI used to control both a
virtual and physical robot.The four tasks used were imagined
movement of upper and lower limbs: the left hand, left foot,
right foot, and right hand. To the best of our knowledge,

this is the first online four-classmotor-imagery-based fNIRS-
BCI, as well as the first online fNIRS-BCI to use left and
right foot as separate tasks. We also examine the differences
in oxygenated hemoglobin (HbO) activation between the
virtual and physical-robot BCIs in an offline analysis.

2. Materials and Methods

Participants attended two training sessions, to collect data
to train an online classifier for the BCI, followed by a third
session in which they used the BCI to control the navigation
of both a virtual and actual robot. This section outlines the
methods used for data collection, the design of the BCI, and
offline analysis of the collected data following the completion
of the BCI experiment.

2.1. Participants. Thirteen healthy participants volunteered
to take part in this experiment. Subjects were aged 18–35,
right-handed, English-speaking, and with vision correctable
to 20/20. No subjects reported any physical or neuro-
logical disorders or were on medication. The experiment
was approved by the Drexel University Institutional Review
Board, and participants were informed of the experimental
procedure and provided written consent prior to participat-
ing.

2.2. Data Acquisition. Data were recorded using fNIRS as
described in our previous study [53]. fNIRS is a noninva-
sive, relatively low-cost, portable, and potentially wireless
optical brain imaging technique [19]. Near-infrared light is
used to measure changes in HbO and HbR (deoxygenated
hemoglobin) levels due to the rapid delivery of oxygenated
blood to active cortical areas through neurovascular cou-
pling, known as the hemodynamic response [54].

Participants sat in a desk chair facing a computermonitor.
They were instructed to sit with their feet flat on the floor and
their hands in their lap or on chair arm restswith palms facing
upwards. Twenty-four optodes (measurement locations) over
the primary and supplementarymotor corticeswere recorded
using a Hitachi ETG-4000 optical topography system, as
shown in Figure 1. Each location recorded HbO and HbR
levels at a 10Hz sampling rate.

2.3. Experiment Protocol. Motor-imagery and motor-execu-
tion data were recorded in three one-hour-long sessions on
three separate days. The first two sessions were training days,
used to collect initial data to train a classifier, and the third
day used this classifier in a BCI to navigate both a virtual
and physical robot to the goal location in a series of rooms.
The two robots are described below in Section 2.3.3 Robot
Control. The training session protocol included five tasks:
a “rest” task and tapping of the right hand, left hand, right
foot, and left foot. This protocol expands on a preliminary
study reported previously [22, 23]. Data collection for the two
training days has been described previously [53].

2.3.1. Tasks. Subjects performed all five tasks during the
two training days (rest, along with the (actual or imagined)
tapping of the right hand, left hand, right foot, and left foot).
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Figure 1: fNIRS sensor layout of light sources (red squares) and
detectors (blue squares). Adjacent sources and detectors are 3 cm
apart and create 24 optodes (numbered 1–24).

During the third session, only the four motor-imagery tasks
were used to control the BCI.

Participants were instructed to self-pace their real or
imagined movements at once per second for the duration of
the trial. The hand-tapping task was curling and uncurling
their fingers towards their palm as if squeezing an imagi-
nary ball, while the foot-tapping task involved raising and
lowering the toes while keeping the heel on the floor. While
resting, subjects were instructed to relax their mind and
refrain from moving. During motor-imagery tasks, subjects
were instructed to refrain from moving and use kinesthetic
imagery (i.e., imagine the feelings and sensations of the
movement).

Each trial consisted of 9 seconds of rest, a 2-second
cue indicating the type of upcoming task, and a 15-second
task period. During the two training sessions the cue text
indicated a specific task (e.g., “Left Foot”), while, during
the robot-control task, it read “Free Choice,” indicating the
subject should choose the task corresponding to the desired
action of the robot. Trials during the training days endedwith
a 4-second display indicating that the task period had ended.
During the robot-control session, the task was followed by a
reporting period so that the subject could indicate which task
they had performed. The BCI then predicted which task the
user had performed and sent the corresponding command to
the robot, which took the corresponding action. The timings
for training and robot-control days are shown in Figure 2.

2.3.2. Session Organization. In total, 60 motor-execution and
150 motor-imagery trials were collected during the training

days, and an additional 60 subject-selected motor-imagery
trials were recorded during the robot-control portion. The
two training days were split into two runs, one for motor
execution and one for motor imagery, which were repeated
three times as shown in Figure 3. The protocol alternated
between a run of 10 motor-execution trials and a run of 25
motor-imagery trials in order to reduce subject fatigue and
improve their ability to perform motor imagery [55]. Each
run had an equal number of the five tasks (rest and motor
execution or motor imagery of the right hand, left hand, right
foot, and left foot) in a randomized order.The third day (robot
control) had two runs of 30 motor-imagery tasks, chosen by
the user, which were used to control the BCI. The rest and
motor-execution tasks were collected for offline analysis and
were not used in the online BCI.

2.3.3. Robot Control. The robot-control session had two
parts, beginning with control of a virtual robot using the
MazeSuite program (http://www.mazesuite.com) [56, 57] and
followed by control of the DARwIn-OP (Dynamic Anthropo-
morphic Robot with Intelligence-Open Platform) robot [58].
The objective in both scenarios was to use the BCI to navigate
through a series of three room designs (shown in Figure 4),
in which there was a single goal location (a green cube) and
an obstacle (a red cube). A room was successfully completed
if the user navigated the robot to the green cube, and it
failed if the robot touched the red cube. After completion
or failure of a room, the subject would advance to the next
room.The sequence was designed such that the robot started
closer to the obstacle in each successive room to increase
the difficulty as the subject progressed. The run ended if the
subject completed (or failed) all three rooms or reached the
maximum of 30 trials. Each room could be completed in 5 or
fewer movements, assuming perfect accuracy from the BCI.

To control the BCI, subjects selected a motor-imagery
task corresponding to the desired action of the (virtual or
physical) robot. The task-to-command mappings were as
follows: left foot/walk forward, left hand/turn left 90∘, right
hand/turn right 90∘, and right foot/walk backward. These
four tasks were chosen to emulate a common arrow-pad
setup, so that each action had a corresponding opposite
action that could undo a movement. During BCI control,
the original experiment display showed a reminder of the
mapping between the motor-imagery tasks and the robot
commands. A second monitor to the left of the experiment
display showed a first-person view of the experiment room
for either the virtual or physical robot. The experiment setup
and example display screens are shown in Figure 5.

The virtual robot was controlled using the built-in control
functions of the MazeSuite program [56, 57]. The virtual
environment and movements of the virtual robot were
designed to replicate as closely as possible the physical room
andmovements of theDARwIn-OP, allowing the participants
to acquaint themselves with the new robot-control paradigm
before adding the complexities inherent in using a real robot.
The virtual robot could make perfect 90∘ turns in place, and
the forward and backward distance was adjusted tomatch the
relative distance traveled by the DARwIn-OP robot as closely
as possible. The goal and obstacle were shown as floating

http://www.mazesuite.com
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Figure 2: Trial timing diagrams for training sessions (a) and robot-control session (b).
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green and red cubes, respectively, that would trigger a success
or failure state on contact with the virtual robot.

During the second run, the user controlled the DARwIn-
OP in an enclosed area with a green box and red boxmarking
the location of the goal and obstacle, respectively. Success
or failure was determined by an experimenter watching the
robot during the experiment. The DARwIn-OP is a small
humanoid robot that stands 0.455m tall, has 20 degrees of
freedom, and walks on two legs in a similar manner to
humans [58]. The robot received high-level commands from
the primary experiment computer using TCP/IP over a wire-
less connection. Control of the DARwIn-OP was handled via
a custom-built C++ class that called the robot’s built-in stand-
ing and walking functions using prespecified parameters to
control the movements at a high level. This class was then
wrapped in a Python class for ease of communicationwith the
experiment computer. The head position was lowered from
the standardwalking pose, in order to give a better view of the
goal and obstacle. In order to turn as closely to 90∘ in place as
possible, the robot used a step size of zero for approximately 3
seconds with a step angle of approximately 25∘ or −25∘. When
moving forward or backward, the DARwIn-OP used a step
size of approximately 1 cm for 2 or 3 seconds, respectively.The
exact values were empirically chosen for this particular robot.

2.4. Data Analysis. In addition to the evaluation of the
classifier performance during the online BCI, a secondary
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Figure 5: The DARwIn-OP robot standing at the starting location of the first room (a), the first-person display of the virtual room (b), and
the experiment display showing the mappings between motor-imagery tasks and robot commands (c).

offline analysis of the data was performed to further compare
the two robot BCIs.

2.4.1. Online Processing. Motor-imagery data from the two
training days were used to train a subject-specific classifier
to control the BCI during the third day. The rest and motor-
execution trials were excluded from the training set, as
the BCI only used the four motor-imagery tasks. All data
recordings from the training days for HbO, HbR, and HbT
(total hemoglobin) were filtered using a 20th-order FIR
filter with a 0.1 Hz cutoff. Artifacts and optodes with poor
signal quality were noted and removed by the researcher.
One subject was excluded from the online results due to
insufficient data quality.

In addition to using only the low-pass filter, a variety
of preprocessing methods were evaluated: correlation-based
signal improvement (CBSI), common average referencing
(CAR), task-related component analysis (TRCA), or both
CAR and TRCA. CBSI uses the typically strong negative
correlation between HbO and HbR to reduce head motion
noise [59]. CAR is a simple method, commonly used in EEG,
in which the average value of all optodes at each time point
is used as a common reference (i.e., that value is subtracted
from each optode at that time point). This enhances changes
in small sets of optodes while removing global spatial trends
from the data. TRCA creates signal components from a
weighted sum of the recorded data signals [60]. It attempts
to find components that maximize the covariance between
instances of the same task while minimizing the covariance
between instances of different tasks.

Individual task periods were extracted and baseline cor-
rected, using the first 2 seconds of each task as the baseline
level. Figure 6 shows an example of how preprocessing
methods affect the recordedHbOandHbR for a single optode
during one task period. Comparing Figures 6(a) and 6(b)
shows how filtering removes a significant quantity of high-
frequency noise from the signal. Figure 6(c) shows the change
in the signal after applying CAR and baseline correction.

Four different types of features were calculated individ-
ually on each optode for HbO, HbR, and HbT. The features
used were as follows: mean (average value of the last 10

seconds of the task), median (median of the last 10 seconds
of the task), max (maximum value of the last 10 seconds
of the task), and slope (slope of the line of best fit of the
first 7 seconds of the task). Datasets were created using
features calculated on HbO, HbT, or both HbO and HbR.
Each feature set was reduced to between 4 and 8 features
using recursive feature elimination. If both HbO and HbR
were used, the specified number of features was selected for
each chromophore. This resulted in 300 possible datasets
(5 preprocessing methods, 3 chromophore combinations, 4
types of features, and 5 levels of feature reduction). Features
in each dataset were normalized to have zero mean and unit
variance.

Prior to the BCI session, a linear discriminant analysis
(LDA) classifier was trained on the data from the two training
days, following the flow chart shown in Figure 7 [61]. LDA is
one of the simplest classification methods commonly used in
BCIs [38], requiring no parameter tuning, which reduces the
number of possible choices when selecting a classifier. LDA
was implemented using the Scikit-learn toolkit [62].

To select an online classifier, an LDA classifier was trained
on one training day (60 motor-imagery trials) and tested on
the other for each of the 300 feature sets. This was repeated
with the two days reversed, and the feature set with the
highest average accuracy was selected.The classifier was then
retrained on both training days (120 motor-imagery trials)
using the selected feature set and was used as the online
classifier for both robot-control BCIs.

Results are reported as accuracy (average number of
correct classifications), precision (positive prediction value),
recall (sensitivity or true positive rate), 𝐹-score (the balance
between precision and recall), and the area under the ROC
curve (AUC). The 𝐹-score is calculated as 𝐹-Score = 2 ×
(precision × recall)/(precision + recall).

2.4.2. Offline Processing. For the offline analysis, an automatic
data-quality analysis was used on the BCI session data to
determine which optodes and trials should be removed due
to poor quality. This was done separately for the virtual and
DARwIn-OP runs using a modified version of the method
described by Takizawa et al. for fNIRS data [63]. Any optodes
with a very high (near maximum) digital or analog gain
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Figure 6: Example of data analysis for a representative trial. Data from a single optode showing the original HbO and HbR signals (a), the
data after filtering (b), and after applying CAR and baseline correction (c). Resting periods before and after the task are shown by gray boxes.
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Figure 7: Flow chart outlining the creation of the online classifier.

were removed, as these were likely contaminated by noise.
Areas with a standard deviation of 0 in a 2-second window
of the raw light-intensity data were considered to have been
saturated, and artifacts were determined to be areas with a
change of 0.15 [mM] during a 2-second period on HbO and
HbR data after application of the low-pass filter. Optodes that
had at least 20 (of the original 30) artifact- and saturation-
free trials were kept, with the remaining optodes being

removed. Then, any trials with artifacts or saturated areas in
any remaining good optodes were removed. An additional
5 subjects were excluded from the offline analysis due to
insufficient data quality.

CARwas used for all offline analysis, followed by task data
extraction and baseline correction as in the online analysis.
Offline analysis examined the average HbO activation levels
during the first and last second of each trial. Statistical
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Table 1: Effects and interactions of task, optode, and robot type for
the BCI control session.

𝐹-value 𝑝 value
Task 0.011 0.998

Optode 10.982 0.000
Robot type 0.043 0.835

Optode ∗ task 1.393 0.018
Task ∗ robot type 0.008 0.999

Optode ∗ robot type 2.155 0.001
Optode ∗ task ∗ robot type 1.147 0.192

analysis was done using linear mixed models, with multiple
tests being corrected using false discovery rate (FDR).

3. Results

Offline analysis found that optode (24 levels), the interaction
of optode and task (4 levels: right hand, left hand, right foot,
and left foot), and the interaction of optode and robot type
(2 levels: virtual and DARwIn-OP) had a significant effect on
the average HbO activation during the last second of each
trial. A post hoc analysis run individually for each optode
found no significant effect for task, robot type, or task∗ robot
type interaction. 𝐹-values and 𝑝 values for the main effects
are shown in Table 1, with the post hoc analysis available
in Table S1 in Supplementary Material available online at
https://doi.org/10.1155/2017/1463512.

A second post hoc analysis, run individually for each
optode under each task condition separately, showed that
robot type had a significant effect on at least one optode under
each task condition (𝑝 < 0.05, FDR corrected).The effect was
found for two optodes (14 and 16) for the left hand task, one
optode (14) for left foot, 6 optodes (4, 9, 16, 18, 20, and 23) for
right foot, and one optode (6) for right hand.The full table of
𝑝 values is available in Table S2 in Supplementary Material.

A comparison of topographic HbO activation levels
demonstrated differences between individual tasks as well as
the two BCIs. Left hand showed a much more contralateral
activation pattern with the DARwIn-OP robot, with two
optodes on the ipsilateral side showing a significant decrease
in HbO levels between the first and last second of the task,
whereas, during control of the virtual robot, it had a more
ipsilateral activation pattern and no optodes with statistically
significant changes in activation over the course of the task.
Right hand, however, became strongly ipsilateral, with one
ipsilateral optode showing significant activation, during the
DARwIn-OP BCI.

Right foot activation became more contralateral, with
stronger activation being closer to Cz on the contralateral side
and a significant decrease in activation on the ipsilateral side.
Left foot changed from a centralized bilateral activation near
Cz when controlling the virtual robot to a more diffuse and
ipsilateral activation pattern during DARwIn-OP control. It
did, however, show an optode with significant decrease in
HbO activation on the ipsilateral side during DARwIn-OP
control.

Table 2: Online BCI results.

Accuracy Precision Recall 𝐹-Score AUC
S1 30.00 0.31 0.29 0.30 0.50
S2 27.12 0.32 0.29 0.30 0.50
S3 25.00 0.19 0.25 0.22 0.47
S4 21.67 0.30 0.26 0.28 0.50
S5 30.00 0.28 0.28 0.28 0.54
S6 26.67 0.37 0.28 0.32 0.50
S7 35.00 0.36 0.37 0.37 0.59
S8 36.67 0.34 0.32 0.33 0.53
S9 18.33 0.22 0.21 0.21 0.54
S10 20.00 0.20 0.21 0.20 0.45
S11 31.67 0.22 0.25 0.24 0.49
S12 23.33 0.23 0.23 0.23 0.52
Avg. 27.12 0.28 0.27 0.27 0.51

Topographic plots of the average HbO activation during
the last second of each task across all subjects are shown in
Figure 8. Optodes showing a significant difference in average
HbO level between the first and last second of the task are
circled (𝑝 < 0.05, FDR corrected).

While controlling the online four-class BCI, participants
achieved an average accuracy of 27.12% for the entire session.
Five participants (S1, S5, S7, S8, and S11) achieved an accuracy
of 30% or higher, reaching 36.67% accuracy (S8). The online
accuracy, precision, recall,𝐹-Score, andAUC for each subject
are detailed in Table 2.

There was a significant increase in classification accuracy
during DARwIn-OP control as compared to virtual robot
control (one-sided paired t-test, 𝑡(11) = 2.077, 𝑝 = 0.031),
with the average accuracy increasing by 5.21 +/− 2.51% (mean
+/− standard error). All but one subject achieved the same
or better performance in the second run while controlling
the DARwIn-OP compared to during the first run with the
virtual robot, and two subjects achieved 40% accuracy. The
online accuracy, precision, recall, 𝐹-Score, and AUC for each
subject for each BCI individually are detailed in Table 3. One
subject (S5) did not use the left hand task during the virtual
robot run, and therefore no AUC value is listed.

This improvement in performance appears to be reflected
in the number of goals reached by the participants. While
controlling the virtual robot, subject S11 was the only par-
ticipant to run into an obstacle, and they were also the only
participant to reach a goal. During control of the DARwIn-
OP robot, two subjects (S2 and S5) reached two of the goals,
and two others (S1 and S11) reached a single goal. Two subjects
(S1 and S7) collided with an obstacle while navigating the
DARwIn-OP.

Subjects S1 and S6, who showed the largest improvement
between the virtual and DARwIn-OP BCIs, have confusion
matrices that indicate differing methods used to increase
accuracy.The confusionmatrix of online classification results
for subject S1 shows a strong diagonal pattern when con-
trolling the DARwIn-OP, as expected for a well-performing
classifier. Interestingly, left foot and right foot are never

https://doi.org/10.1155/2017/1463512
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Figure 8: Average HbO activation for each task during virtual and DARwIn-OP robot BCIs. Optodes with significant differences in HbO
activation levels between the first and last second of the task are circled (𝑝 < 0.05, FDR corrected).

misclassified as the opposite foot, as might be expected based
on their close proximity in homuncular organization, even
though suchmisclassifications were present when controlling
the virtual robot. Left hand was the most frequently mis-
classified task, commonly confused with left foot and right

hand. Left foot tasks were also misclassified as left hand tasks
but were correctly classified much more often. Subject S6, on
the other hand, achieved higher accuracy when controlling
the DARwIn-OP by primarily classifying the two hand tasks
correctly. This subject’s classifier had a strong tendency to
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Table 3: Online BCI results for virtual and DARwIn-OP BCIs individually.

Virtual robot DARwIn-OP robot
Accuracy Precision Recall 𝐹-Score AUC Accuracy Precision Recall 𝐹-Score AUC

S1 23.33 0.27 0.28 0.27 0.51 36.67 0.36 0.38 0.37 0.53
S2 24.14 0.24 0.23 0.23 0.40 30.00 0.44 0.34 0.38 0.63
S3 23.33 0.16 0.25 0.19 0.55 26.67 0.20 0.23 0.21 0.43
S4 26.67 0.36 0.44 0.40 0.59 16.67 0.17 0.18 0.18 0.47
S5 30.00 0.29 0.23 0.25 N/A 30.00 0.35 0.31 0.33 0.57
S6 13.33 0.21 0.14 0.17 0.42 40.00 0.55 0.52 0.53 0.65
S7 33.33 0.35 0.34 0.35 0.59 36.67 0.46 0.39 0.42 0.57
S8 33.33 0.29 0.30 0.29 0.53 40.00 0.40 0.35 0.38 0.54
S9 16.67 0.16 0.22 0.18 0.52 20.00 0.25 0.20 0.22 0.55
S10 20.00 0.17 0.22 0.20 0.42 20.00 0.20 0.17 0.18 0.48
S11 30.00 0.23 0.25 0.24 0.44 33.33 0.19 0.27 0.22 0.54
S12 20.00 0.21 0.19 0.20 0.50 26.67 0.26 0.30 0.28 0.58
Avg. 24.51 0.24 0.26 0.25 0.50 29.72 0.32 0.30 0.31 0.54

predict right hand tasks during both BCIs, although actual
right hand tasks were often misclassified during virtual robot
control. The two foot tasks in both scenarios were frequently
misclassified, typically as right hand. The confusion matrices
are shown in Figure 9.

4. Discussion

In this work, we present the results of a four-class motor-
imagery-based BCI used to control a virtual and physical
robot. There were significant differences in performance
between controlling the virtual robot and the physical
DARwIn-OP robot with the BCI. Subjects had significantly
higher accuracy when controlling the DARwIn-OP than
when controlling the virtual robot (29.72% versus 24.51%
accuracy, resp.). An offline analysis showed that the interac-
tion between optode and robot type had a significant effect on
HbO levels, indicating that this increase in accuracy may be
at least partially due to changes in HbO activation patterns
during the tasks. Topographic plots of HbO activation also
show changes in activation pattern between the virtual and
DARwIn-OP BCIs, with left hand and right foot tasksmoving
to a more contralateral activation pattern while right hand
and left foot became more ipsilateral in the second BCI.

These changes could be due to the participants adapting
their mental strategy based on the BCI’s classifier while
controlling the virtual robot, thereby modifying their motor-
imagery activation patterns. Confusionmatrices of the online
BCI classifiers show different patterns of correct and incor-
rect classification between subjects and between control of
the virtual and physical robot. Such changes could reflect
differences in the activation patterns generated during motor
imagery, potentially showing differences in mental strategy
developed by the participants while using the BCIs. This is in
line with previous findings that feedback, especially from a
BCI, can improve motor-imagery activation [49, 52, 64, 65].
Participants could also have improved as they became more
familiar with the BCI experiment protocol, increasing their

confidence in using the BCI, which has also been shown to
have an effect on motor-imagery ability [45].

It is also possible that the differences between the virtual
and DARwIn-OP robots themselves contributed to differ-
ences in subject performance.Themore realistic visuals when
using the DARwIn-OP could have had an effect, similar to
the results found by Alimardani et al. [52]. There has been
limited study on this topic, and further experiments would
be needed in order to determine if this was a factor in subject
performance.

There was a large difference between the accuracy of the
highest-accuracy and lowest-accuracy subjects (40% versus
16% accuracy), in line with previous findings that people
have differentmotor-imagery abilities [45–47]. Future studies
could be improved by screening participants for motor-
imagery abilities, as suggested by Marchesotti et al. [46],
and potentially using feedback to improve the performance
of participants identified as low motor-imagery ability [48].
As Bauer et al. found that the use of a robot BCI could
improve motor-imagery performance, longer or additional
BCI sessions could be incorporated in order to improve
motor-imagery performance [49].

In this work, we adapted the preprocessing pipeline for
each subject based on classifier performance on the two
training days. While this allows one more element of cus-
tomization for each subject-specific classifier, it also increases
the likelihood of overfitting on the training data, which
can result in poor performance on the online BCI. Future
work could compare the different preprocessingmethods and
select a single method that performs best across subjects.
Additionally, the ability to distinguish between four motor-
imagery tasks with simple descriptive features and classifiers
may be limited. Future work could employ more intelligent
feature reductionmethods (e.g., Sequential Floating Forward
Selection) or explore more powerful feature design methods
using deep neural networks or autoencoders. Support vector
machines with nonlinear kernels may be able to achieve
higher classification accuracy than LDA classifiers. The more
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Figure 9: Confusion matrices for the two subjects showing the most improvement between the virtual and DARwIn-OP online BCI results.
The confusion matrices indicate different strategies for improving accuracy during DARwIn-OP control: S1 shows a mostly diagonal pattern
while S6 shows a focus on correct classification of the two hand tasks.

powerful classification abilities of neural networks may also
prove beneficial for improving BCI performance, as has been
explored recently with EEG-based BCIs [66–69].

5. Conclusions

This study reports the first online results of a motor-imagery-
based fNIRS-BCI to control robot navigation using four
motor-imagery tasks. Subjects used the BCI to control first
a virtual avatar and then a DARwIn-OP humanoid robot
to navigate to goal locations within a series of three rooms.
Classification accuracy was significantly greater during the
DARwIn-OP BCI, and an offline analysis found a significant
interaction between optode and both task and robot type on
HbO activation levels. These findings corroborate previous
studies that show feedback, including feedback from control-
ling a robot BCI, can improve motor-imagery performance.
It is also possible that the use of a physical, as opposed to
virtual, robot had an effect on the results, but future study
would be needed to assess that. Furthermore, the activation

patterns for left hand and right foot change to show a more
strongly contralateral activation pattern during the second
BCI, becoming more in line with the expected activation
patterns based on the cortical homunculus layout of the
motor cortex.

These findings indicate that future studies could benefit
from additional focus on feedback during training and in
particular additional training periods spent controlling the
actual BCI. There was also a large discrepancy between
the accuracy of the highest-accuracy and lowest-accuracy
subject, indicating that future studies could be improved by
screening potential subjects for BCI abilities and potentially
providing these subjects with extra feedback training.
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Anovel hybrid brain-computer interface (BCI) based on the electroencephalogram (EEG) signal which consists of amotor imagery-
(MI-) based online interactive brain-controlled switch, “teeth clenching” state detector, and a steady-state visual evoked potential-
(SSVEP-) based BCI was proposed to provide multidimensional BCI control. MI-based BCI was used as single-pole double throw
brain switch (SPDTBS). By combining the SPDTBS with 4-class SSEVP-based BCI, movement of robotic arm was controlled in
three-dimensional (3D) space. In addition, muscle artifact (EMG) of “teeth clenching” condition recorded from EEG signal was
detected and employed as interrupter, which can initialize the statement of SPDTBS. Real-time writing task was implemented to
verify the reliability of the proposed noninvasive hybrid EEG-EMG-BCI. Eight subjects participated in this study and succeeded to
manipulate a robotic arm in 3D space to write some English letters. The mean decoding accuracy of writing task was 0.93 ± 0.03.
Four subjects achieved the optimal criteria of writing the word “HI” which is the minimum movement of robotic arm directions
(15 steps). Other subjects had needed to take from 2 to 4 additional steps to finish the whole process. These results suggested that
our proposed hybrid noninvasive EEG-EMG-BCI was robust and efficient for real-time multidimensional robotic arm control.

1. Introduction

Brain-computer interface (BCI) offers a direct communica-
tion channel between the brain and external devices without
relying on the brain normal output pathways of periph-
eral nerves and muscles [1]. According to different signal
acquisition methods, BCI systems can be divided into two
main categories, invasive and noninvasive BCI systems [2–
5]. Although invasive BCI systems seem suitable for some
clinical applications because of their high signal-to-noise
ratio (SNR) and the information transfer rates (ITR), they
still suffer from potential surgical risks and postoperative
immune response. Noninvasive BCIs might be more suitable
for daily life applications for many socioeconomic reasons
such as the user’s safety and a relatively low cost. Elec-
troencephalography (EEG) is a popular electrophysiological
monitoring method to record brain activity and is widely
used in noninvasive BCI researches and applications since
Berger’s discovery [6] and Vidal’s first BCI prototype [7].

Nowadays, there are huge opportunity and necessity for
helping handicapped people to enhance or increase their
abilities to interact with complex environment, such as
rehabilitation training sessions, mind-controlled prosthetic
arm applications [8, 9], and augmentative and alternative
communication systems [10]. However BCIs can also benefit
healthy people for entertainment and increasing their inde-
pendency, especially for elderly persons [11–13]. For decades,
several EEG-based typical BCI systems have been proposed
based on slow cortical potential (SCP) [14], motor imagery
(MI) [15], steady-state visual evoked potential (SSVEP) [16],
and the P300 wave of the human event-related potential [10,
17]. Each type of these BCI systems has its unique advantages
and some disadvantages. For example, the SSVEP-based BCI
system has many advantages such as less training and higher
SNR and ITR. MI-based BCI has the advantage of fast
response but is limited by the number of tasks. Therefore,
there has been increasing interest in solving dimensionality
issue by using hybrid BCI which has to be composed of two
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BCImodalities’ combination (e.g., motor imagery with P300,
motor imagery with SSVEP, and P300 with SSVEP) or it can
be also a combination of brain and nonbrain activity such as
eye movements (EOG), muscles activity (EMG), and heart
electrical activity (ECG) to improve the overall performances
of BCI systems [18–22]. The electrical activity of muscles can
easily interfere with EEG signal considering the anatomical
locations of facial or masticatory muscles surrounding the
skull.Thismyogenic contamination of the EEG can constitute
a serious problem in BCI applications and it can be useful
information in the same time for developing hybrid BCIs.
Pfurtscheller et al. proposed an online system using SSVEP-
based BCI and a type of ERD BCI, called a “brain switch”
[19]. Lately, Punsawad et al. controlled practical machine
through hybrid EEG-EOG brain-computer interface system
[23]. Then Wang et al. controlled wheelchair directions
through unilateral hand imagination and a wheelchair speed
through P300 and EOG [24].

Controlling a robotic arm with noninvasive hybrid BCIs
surely provides a desirable alternative, but prior to this
study it has not been shown that such hybrid systems could
achieve multidimensional control of robotic arm in three-
dimensional (3D) space. These systems offer a potentially
effective control for complex and naturalistic environment
through the combination of brain- and nonbrain-based mul-
tifunctional BCI. They can reduce user fatigue by switching
from a modality to another and increase the degree of
freedom for augmentative and alternative BCI systems. The
aim of this study is to improve the performance of BCI
system by design a new hybrid EEG-EMG-BCI system (i.e.,
combination of brain activity (MI and SSVEP) with muscles
activity such as teeth clenching). In this paper, a hybrid
BCI system was described, including motor imagery-based
brain switch, “teeth clenching” state detector, and a steady-
state visual evoked potential- (SSVEP-) based BCI. In our
proposed hybrid BCI, motor imagery decoding was used as a
single-pole double throw brain switch (SPDTBS) which can
complete multitasks, combined with 4-class SSVEP-based
BCI system. In addition, “stop” command was executed by
recognizing facial action by recording EMG artifact from
EEG signals. For real-time application, a writing task was
implemented to verify the performances of our proposed
hybrid system. Healthy subjects succeed to write an English
word though our proposed hybrid noninvasive BCI system.
In the following sections, we describe our proposed system
in detail and its real-time writing application to enhance the
user’s abilities to interact with a complex environment.

2. Methods

2.1. Experimental Paradigm. Our proposed hybrid noninva-
sive EEG-EMG-BCI system mainly consists of three hard-
ware components which are a portable EEG acquisition
device (Emotiv EPOC), a host computer, and a robotic
arm (see Figure 1). The EEG signals were recorded and
transmitted to the host computer with an USB transceiver
dongle.Then, EEG signals were processed and decoded in the
host computer. Based on this proposed BCI architecture, the
intension of subjects was transformed to multidimensional

control commands and sent to operate the Dobot (robotic
arm) via the wireless module in real time.

The hybrid BCI consists ofMI-, EMG-, and SSVEP-based
BCI systems. As shown in Figure 2, the subject imagines
the left hand or right hand movement for 4 s as the first
step. Once the imagined movements’ type (e.g., left hand
and right hand movements) was confirmed, the system will
enter the second hybrid BCI phase. In the second phase,
SSVEP and “teeth clenching” were decoded. The presence
of “teeth clenching” was detected during the second phase.
Once “teeth clenching” state is confirmed, the program will
execute stop command of SSVEP modality and go back to
the first motor imagery modality. For SSVEP paradigm, four
white blocks (with different frequencies: 6Hz, 7.5Hz, 8.57Hz,
and 10Hz) of stimuli flickerwere presented at the top, bottom,
left, and right positions in black board.

According to each unilateralmovement (right or left hand
imagination), the SPDTBS was designed. The SPDTBS was
combined with four tasks of SSVEP-based BCI modality to
provide more commands (i.e., to achieve multidimensional
BCI control) for the robotic arm movements such as the
forward, backward, left, right, upward, and downward move-
ments (see Figure 3). All these commands were shown in
Table 1.

Eight healthy subjects participated in the experiment (age23.62 ± 1.06 years (mean ± standard deviation “SD”); one
female and seven males). All of them were undergraduate
students, without any experience with BCI system. The
subjects were seated in a comfortable chair, 50 cm away from
the computer screen. The robot arm was placed on the table,
about 45∘ in the left front of the subject. Each subject was able
to look at both the monitor and the movement of the robot
arm.The subjects were requested to write the word “HI” and
the essential steps were shown in Figure 4. It takes at least 15
steps to complete the writing of BCI; each step represents a
horizontal or vertical line. The subjects can choose the order
of writing, and each step can be written repeatedly.

The following points are used to evaluate the performance
of the hybrid BCI system:

(1) Time: time required to complete a task.
(2) Step count: the number of steps to complete the task

in paper.
(3) Obvious errors: number of obvious errors. For exam-

ple, if the writing task is O letter but the result is Q,
this result is defined as obvious error.

(4) Information transfer rate, which is defined as

ITR = 60𝑇
× [log2𝑁 + 𝑃 log2𝑃 + (1 − 𝑃) log2 ( 1 − 𝑃𝑁 − 1)] , (1)

where 𝑁 is the number of targets, 𝑃 is the accuracy
rate, and 𝑇 is the time window length.

The EEG data were sampled at a frequency of 2048Hz
and then downsampled to 128Hz for signal processing. The
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Emotiv EPOCSo�wareAuxiliary computer USB transceiver Host computer

Figure 1: Schematic architecture of the experimental setup for the real-time hybrid BCI-controlled robotic arm.
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Figure 2: Flowchart of the proposed algorithm for hybrid EEG-EMG-BCI system.

(a) (b) (c)

Figure 3: The six possible directions of the robotic arm. (a) Upward and downward movements. (b) Left and right movements. (c) Forward
and backward movements.
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Table 1: The control commands of hybrid BCI.

SPDTBS SSVEP-based BCI
frequency

Control
command

Brain activity based on imagined unilateral hand movements
(motor imagery) and SSVEP

Left hand imagination

6Hz Forward
7.5Hz Backward
8.57Hz Left
10Hz Right
Idle No command

Right hand imagination

6Hz No function
7.5Hz No function
8.57Hz Upward
10Hz Downward
Idle No command

Muscles activity (EMG artifacts) “Teeth clenching” state Stop

1

2, 3

4
7

5, 6

8

11

12

13, 14

9, 10

15

2 3

Figure 4: Essential steps for the robotic arm to write the word “HI”
with thewriting result of the robotic arm controlled by our proposed
hybrid BCI in the right side.

electrodes were placed at 10-20 system locations, AF3, F7, F3,
FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4, as well as
two reference electrodes located above the ears of the subject
(i.e., either CMS and DRL or left/right mastoids). Electrodes
P7, P8, O1, and O2 were selected to collect SSVEP-based EEG
signal. Electrode FC5 and FC6 were used to capture EEG
signals in MI.The signals during “teeth clenching” state were
collected mainly by electrodes F7 and F8 (see Figure 5).

2.2. Processing Methods for SSVEP-Based BCI. To reduce
the effect of signal-to-noise ratio (SNR), discrete wavelet
transform (DWT) was employed for preprocessing of EEG
signals. Assuming that 𝑥(𝑛) is the EEG signal, the DWT of𝑥(𝑛) is defined as

𝐶𝑗,𝑘 = 2−𝑗/2 ∞∑
𝑛=−∞

𝑥 (𝑛) 𝜑𝑗,𝑘 (2−𝑗𝑛 − 𝑘) = ⟨𝑥 (𝑛) , 𝜑𝑗,𝑘⟩ ,
𝑗, 𝑘 ∈ 𝑍, (2)

where 𝜑(𝑛) is the wavelet basis function, 𝑗 is the resolution of
the frequency, and 𝑘 is the amount of time translation.

EEG signals were decomposed in different layers (5 lay-
ers) by using Daubechies wavelet (db4) function and recon-
structed by removing frequency components (0–2Hz).

CMS DRL

AF3 AF4

F7 F8

F3 F4

FC5 FC6

T7 T8

P7 P8

O1 O2

Figure 5: Position of EEG electrodes used in this study for recording
brain and nonbrain signals.

The Canonical Correlation Analysis (CCA) is a multi-
variable statistical method, which was used to analyze the
potential correlation between two sets of data [25]. CCA
method has been widely used in SSVEP-based BCI system
[16, 26].

Suppose two multidimensional random variables 𝑋, 𝑌;
that is,𝑋 ∈ 𝑅𝐻×𝐽,𝑌 ∈ 𝑅𝐼×𝐽. CCAfinds a pair ofweight vectors𝑤𝑋 ∈ 𝑅𝐻×1 and 𝑤𝑌 ∈ 𝑅𝐼×1, respectively, which maximize
the correlation between linear combinations 𝑥 = 𝑤𝑋𝑇𝑋 and𝑦 = 𝑤𝑌𝑇𝑌. It is defined as

max
𝑤𝑋,𝑤𝑌

𝜌 (𝑥, 𝑦) = 𝐸 [𝑥𝑦𝑇]√𝐸 [𝑥𝑥𝑇] 𝐸 [𝑦𝑦𝑇]
= 𝐸 [𝑤𝑋𝑇𝑋𝑌𝑇𝑤𝑌]√𝐸 [𝑤𝑋𝑇𝑋𝑋𝑇𝑤𝑋] 𝐸 [𝑤𝑌𝑇𝑌𝑌𝑇𝑤𝑌] ,

(3)
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Table 2:The results of canonical correlation analysis coefficients for
different SSVEP states.

SSVEP state Mean ± SD
6Hz 0.4238 ± 0.1060
7.5Hz 0.4621 ± 0.0857
8.57Hz 0.4985 ± 0.1000
10Hz 0.5105 ± 0.0381
Idle 0.1542 ± 0.0397
where the maximum of 𝜌 is the maximum canonical correla-
tion. 𝑥 and 𝑦 are projected onto 𝑤𝑋 and 𝑤𝑌.

The reference signals 𝑌𝑖 are set as

𝑌𝑖 = (((
(

sin (2𝜋𝑓𝑖𝑡)
cos (2𝜋𝑓𝑖𝑡)...

sin (2𝜋𝑁ℎ𝑓𝑖𝑡)
cos (2𝜋𝑁ℎ𝑓𝑖𝑡)

)))
)

, 𝑡 = 1𝑆 , 2𝑆 , . . . , 𝑁𝑆 , (4)

where 𝑁 is the number of sampling points, 𝑆 is the sampling
frequency, and𝑁ℎ is the number of harmonics.

The control command𝐾 is recognized as

𝐾 = max
𝑖

𝜌𝑖, 𝑖 = 1, 2, 3, 4, (5)

where 𝜌𝑖 are the CCA coefficients obtained from the four
reference signals.

Each subject has different thresholds 𝜃, so threshold 𝜃
was defined in training phase. To calculate the threshold 𝜃
in CCA, 20 offline experiments were held for each subject.
The results were shown in Table 2. The average correlation
coefficient of idle state is 0.1542 ± 0.0397 (mean ± SD). So,
the threshold 𝜃 was defined to be 0.22.

2.3. Processing Methods for MI-Based BCI and “Teeth Clench-
ing” State Detector. The motor imagery classification based
on mu frequency power has been widely used for process-
ing event-related synchronization (ERS) and event-related
desynchronization (ERD) [15, 27–29]. The second-order
moment energy algorithm was employed to classify the
left hand with low computational complexity and simple
principle [30]. So, these algorithms could be suitable for
achieving online BCI systems.

Assuming a signal of length𝑁, the second-ordermoment
is estimated by

𝐸2 = 𝐸 [𝑥2 (𝑛)] ≈ 1𝑁 𝑁∑𝑛=1𝑥2 (𝑛) . (6)

In MI-based BCI experiment, while imagining the left
hand or right hand movement, the EEG signals are collected
with band-pass filtering (0–32Hz),mu rhythmenergy change
of FC5 and FC6 was computed, and the energy difference
between FC5 and FC6 channels is used to calculate the

threshold 𝛼 for classification. Mu rhythm energy change of
FC5 and FC6 is denoted as 𝐸.

𝑒 = {{{{{{{{{
+1 if 𝐸 > 𝛼0 otherwise−1 if 𝐸 < −𝛼. (7)

When 𝑒 = 1, which indicates the subject is imagining
left hand motor imagery, the first path is closed in SPDTBS.
When 𝑒 = −1, which indicates the subject is imagining
right hand motor imagery, then the second path is closed in
SPDTBS. When 𝑒 = 0, which indicates the subject is in an
idle state, no command will be given to the system, and the
SPDTBS is opened.

Accuracy of detecting “teeth clenching” state is higher
than other facial states in EEG-based BCI system [31]. Thus,
“teeth clenching” state was detected to work as interrupt
system,which can confirmmotor imagery result and improve
the performance of whole system.

According to the characteristics of different states (“nat-
ural” versus “teeth clenching”), the threshold 𝛽 of standard
deviation and threshold 𝜂 of the peak distance (the absolute
value of the difference between the maximum and the
minimum) of the EEG signals were calculated, respectively.
In online experiment, to detect the “teeth clenching” state,
standard deviation 𝑆𝑠 and peak distance 𝑆𝑝 were computed
and compared with thresholds 𝛽 and 𝜂.

𝑠 = {{{
1 if 𝑆𝑠 > 𝛽, 𝑆𝑝 > 𝜂0 otherwise,

(8)

where 𝑠 = 1 indicates that the subject is in “teeth clenching”
state and, otherwise, 𝑠 = 0 means that the subject is in
“natural” state.

3. Results of Brain-Control Tasks

In the first stage, an offline experiment was held forMI-based
BCI and SSVEP-based BCI and “teeth clenching” state detec-
tor, respectively. As shown in Figure 6, the average accuracy
of eight subjects in MI-based BCI and SSVEP-based BCI is0.73 ± 0.05 and 0.93 ± 0.03, respectively. The ITR of SSVEP-
based BCI is 18.43 ± 1.63 (Figure 7). For “teeth clenching”
state detector, all subjects achieved accuracy near 1.

Eight subjects joined the writing task using a robotic arm.
The results were shown in Figures 4, 6, and 7. All of subjects
were successful in writing the word “HI.” Eight subjects com-
pleted the writing task in 297.37 ± 57.96 seconds on average.
As shown in Figure 7, four subjects took 15 steps (optimal
number of steps) to finishwriting, three subjects took 17 steps,
and one subject took 19 steps. Only one subject has 1 signifi-
cant error. The average accuracy was obtained as 0.92 ± 0.03.
4. Discussion

In this paper, a novel multichannel hybrid BCI system was
proposed for multidimensional control purpose, which was
composed of a motor-imagery-based brain switch, “teeth
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clenching” state detector, and SSVEP-based BCI. For achiev-
ing a multidimensional control of robotic arm, seven com-
mands which can be up to nine were designed for real-
time BCI application. Writing task was held to evaluate the
performances of the proposed hybrid system. Eight subjects
completed themovement tasks of the robotic arm towrite the
word “HI.”

Pfurtscheller et al. [19] used MI-based brain switch to
turn on/off an SSVEP BCI for reducing the errors in resting
periods, while, in this present work, MI-based brain switch
was used as single-pole double throw brain switch (SPDTBS)
to extend the number of commands which robotic arm
needs to be fully controlled and manipulated to achieve
a naturalistic hand pathway of writing a simple word. In
addition, a “teeth clenching” state detector was design to
initialize the statement of SPDTBS. Because of the relative
lower accuracy of motor imagery BCI, the “teeth clenching”
state detector can confirm the result of MI-based BCI, which
can improve the accuracy of hybrid BCI system significantly.
Thus, the accuracy of proposed system is almost the same

as previous work [19], which can lead us to conclude that
the proposed system is efficient and robust for real-time
multifunctional BCI systems. Compared with the current
BCI systems [32–34], the proposed hybrid BCI system shows
higher accuracy with high degree of freedom. Moreover,
wireless manner was used to build a stable and suitable
connection for online experiment, which is meaningful for
portable noninvasive BCI products for real-life use.

In this study, we found that a group of healthy subjects
could willingly use brain and nonbrain activity to control a
robotic arm with high accuracy for performing writing tasks
requiring human intention, error feedback, and multiple
degrees of freedom by combination of MI, SSVEP, and EMG
activity (see Supplementary video in SupplementaryMaterial
available online at https://doi.org/10.1155/2017/8316485). The
robotic arm could only move and write horizontal and verti-
cal lines using our proposed BCI paradigm.There are still two
commands, “no function,” in the proposed system,which can
be used for writing slanted lines. This option will be added in
the near future to achieve naturalistic hand writing.Thus, the
users will be able to write any intended complex word in real
time, which not only can be used as communication tool for
the disable people, but also can be applied for education pur-
poses for children and students using e-learning aspect which
could be an innovative way to practice using teleoperation to
remotely access a robotic arm using their brain activity.

5. Conclusions

This paper presented a combination of synchronous and
asynchronous control using a novel hybrid EEG-EMG-based
BCI which consists of motor imagery, muscle artifacts,
and SSVEP to provide a multidimensional control. The
synchronous control is based on SSVEP paradigm which
requires the user to focus on the screen and the asynchronous
control is based on the motor imagery which does not need
any synchronization between the user and the screen because
it is based on the imagination of the unilateral movements.
Users were able to write an English word using our robust
real-time control of a robotic arm through the proposed
hybrid BCI. This proposed BCI was designed for multiclass
control in a complex environment. Results of the study
indicated that successfulmultidimensional control is possible
using suitable combination of BCI modalities to detect and
classify brain activity in different situations.

In the near future, for rehabilitation, e-learning, and
entertainment, we would like to design low cost, portable,
noninvasive, and hybrid EEG-EMG-based robotic arm using
minimum number of wearable wireless sensors.
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In this paper, we propose a novel method for solving the single-trial evoked potential (EP) estimation problem. In this method, the
single-trial EP is considered as a complex containing many components, which may originate from different functional brain sites;
these components can be distinguished according to their respective latencies and amplitudes and are extracted simultaneously by
multiple-input single-output autoregressive modeling with exogenous input (MISO-ARX). The extraction process is performed in
three stages: first, we use a reference EP as a template and decompose it into a set of components, which serve as subtemplates for the
remaining steps. Then, a dictionary is constructed with these subtemplates, and EPs are preliminarily extracted by sparse coding
in order to roughly estimate the latency of each component. Finally, the single-trial measurement is parametrically modeled by
MISO-ARX while characterizing spontaneous electroencephalographic activity as an autoregression model driven by white noise
and with each component of the EP modeled by autoregressive-moving-average filtering of the subtemplates. Once optimized, all
components of the EP can be extracted. Compared with ARX, our method has greater tracking capabilities of specific components
of the EP complex as each component is modeled individually in MISO-ARX. We provide exhaustive experimental results to show
the effectiveness and feasibility of our method.

1. Introduction

Evoked potentials (EPs) are localized potential changes gen-
erated by the central nervous systemwhen stimulated bywell-
defined external stimuli (such as electrical, light, sound, and
other stimuli) [1]. Thus, EPs can be categorized as auditory
evoked potentials (AEPs), visual evoked potentials (VEPs),
somatosensory evoked potentials (SEPs), and motor evoked
potentials (MEPs) according to the modality of stimulation.
Depending on the experimental paradigm, EPs may include
a complex of partially overlapping components [2], reflecting
different processing stages along the neural pathways. The
latency variations of specific components can objectively
reflect changes in the underlying state of the neural pathways,
which is very meaningful in cognitive science research and
clinical applications [3]. Many single-trial EP extracting
methods have been proposed in order to enhance the ability
to track latency variations.

Parametric modeling using autoregression with exoge-
nous inputs (ARX) is a commonly usedmethod for extracting
single-trial EPs over the conventional moving time average
[4]. ARX modeling for single-trial EP estimation was first
proposed by Cerutti et al. [5]. In ARX, the electroen-
cephalogram (EEG) can be viewed as an autoregression (AR)
model driven by white noise, and the EP can be accurately
modeled by an autoregressive-moving-average (ARMA) filter
with a known signal [6]. The known signal is typically
the average of the reference EPs (AREP). The order and
parameters of the AR and ARMA models can be estimated
by utilizing various optimization techniques, such as the
final prediction error (FPE) [5] and the least-squares (LS)
method [7]. The EPs can then be reconstructed by ARMA
filtering with the AREP. ARX modeling has been widely
adopted by researchers to rapidly extract middle latency
AEPs, VEPs, and SEPs. For example, Mainardi et al. [8] used
the ARX model to quantify changes in auditory N100 for
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the monitoring of sedation in cardiac surgery patients. Rossi
et al. [9] extracted single-trial SEPs with ARX filtering for
monitoring the functional integrity of the spinal cord during
surgery. Lange and Inbar [10] further extended the ARX
estimator tomake the single-trial estimation process resistant
to noise present in the system using a robust evoked potential
estimator (REPE). However, Cerutti et al. [5] recently found,
by systemic experimentation, that EP extraction using ARX
modeling is completely invalid when latency varies greatly
compared with the AREP. We carried out a further study
on the single-trial extracting experiments made by De Silva
et al. [11]. We found that they always assumed temporal lag
between the input and the output of the ARX model equaled
zero, which causes significant error when latency varies
greatly. In addition, they limited the ARX method to yield a
waveform similar to the average response, differing only in
global latency. Thus, their procedure cannot demonstrate the
method’s tracking capabilities of specific components of the
EPs. An EP complexmay contain components that originated
from different functional brain sites [12]. The summation of
these components results in component overlap, which may
cause partial occlusion of the desired component’s features.
Because of this, the tracking of latency variations of specific
components is very difficult.

In this paper, we present a novel single-trial evoked
potential estimation method based on multiple-input single-
output ARX (MISO-ARX). In MISO-ARX, each component
of the EP is individually modeled by an ARMA filter with
a reference signal to avoid different components interfering
with each other as in ARX. In addition, all parameters are
calculated synchronously to guarantee that the estimated EP
is optimal overall. Moreover, as EPs have been proven (in our
previous paper) to have strong sparsity over an appropriate
dictionary, we first roughly estimate the temporal lag of
specific components with sparse coding before calculating
the parameters ofMISO-ARX in order to improve robustness
against great latency variations. A series of experiments
carried out on simulated andhuman test responses confirmed
the superior performance of our MISO-ARX method for
tracking latency variations even in situations of extremely
low SNR. The rest of this paper is organized as follows.
Section 2 gives a detailed description of our single-trial
estimation algorithm. Section 3 contains our experimental
results obtained by using the MISO-ARX method and a
comparisonwithARX andREPEmethods. Section 4 presents
our conclusions.

2. Single-Trial Evoked Potential
Extraction with MISO-ARX

EPs are always embedded in the ongoing spontaneous EEG
background, and the SNR is extremely low (below 0 dB).
The main parts of our method consist of removing the EEG
𝑒(𝑡) from the measurement 𝑦(𝑡) and then reconstructing the
single-trial EP 𝑠(𝑡) [13]. The measurement 𝑦(𝑡) is

𝑦 (𝑡) = 𝑠 (𝑡) + 𝑒 (𝑡) . (1)

2.1. The EP Signal. The single-trial EP is considered as a
complex containing many components; these components
may originate from different functional brain sites and
can be distinguished according to their respective latencies
and amplitudes. The EP waveform 𝑠(𝑡) is assumed to be a
superposition of 𝑄 components:

𝑠 (𝑡) =
𝑄

∑
𝑞=1

𝑘𝑖V𝑞 (𝑡 − 𝜏𝑞) , (2)

where V𝑞(𝑡) is the basic shape of the 𝑞th component, 𝜏𝑞 is
the component’s latency, and 𝑘𝑞 indicates the component’s
amplitude.

In MISO-ARX, each component V𝑞(𝑡) is derived by filter-
ing the reference 𝑢𝑞(𝑡) using the ARMA model parameters,
as shown in

V𝑞 (𝑡) =
𝐵𝑞 (𝑧−1)
𝐴𝑞 (𝑧−1)

𝑢𝑞 (𝑡) , (3)

where 𝐴𝑞(𝑧−1) = 1 − ∑𝑛
𝑞

𝑖=1 𝑎
𝑞
𝑖 𝑧
−𝑖 and 𝐵𝑞(𝑧−1) =

𝑧−𝑑
𝑞

∑𝑚
𝑞−1
𝑗=0 𝑏𝑞𝑗 𝑧

−𝑗. Thus, (2) can be rewritten as

𝑠 (𝑡) =
𝑄

∑
𝑞=1

𝑘𝑞V𝑞 (𝑡 − 𝜏𝑞) =
𝑄

∑
𝑞=1

𝑘𝑞
𝐵𝑞 (𝑧−1) 𝑢𝑞 (𝑡 − 𝜏𝑞)

𝐴𝑞 (𝑧−1)
. (4)

In (4), 𝑘𝑞𝐵𝑞(𝑧−1)𝑢𝑞(𝑡 − 𝜏𝑞) can be parameterized as

𝑘𝑞𝐵𝑞 (𝑧
−1) 𝑢𝑞 (𝑡 − 𝜏𝑞) = 𝑘𝑞

𝑚𝑞−1

∑
𝑗=0

𝑏𝑞𝑗 𝑢𝑞 (𝑡 − 𝑗 − 𝑑𝑞 − 𝜏𝑞)

=
𝑚𝑞−1

∑
𝑗=0

(𝑏𝑞𝑗 𝑘𝑞) 𝑢𝑞 [𝑡 − 𝑗 − (𝑑𝑞 + 𝜏𝑞)] .

(5)

Then, we assume 𝑏
𝑞

𝑗 = 𝑏𝑞𝑗 𝑘𝑞 and 𝑑
𝑞
= 𝑑𝑞 + 𝜏𝑞, which yields

𝑘𝑞𝐵𝑞 (𝑧
−1) 𝑢𝑞 (𝑡 − 𝜏𝑞)

=
𝑚𝑞−1

∑
𝑗=0

(𝑏𝑞𝑗 𝑘𝑞) 𝑢𝑞 [𝑡 − 𝑗 − (𝑑𝑞 + 𝜏𝑞)]

=
𝑚𝑞−1

∑
𝑗=0

𝑏
𝑞

𝑗𝑢𝑞 (𝑡 − 𝑗 − 𝑑
𝑞
) .

(6)

Thus, 𝑘𝑞𝐵𝑞(𝑧−1)𝑢𝑞(𝑡 − 𝜏𝑞) = 𝐵𝑞(𝑧−1)𝑢𝑞(𝑡), and we obtain

𝑠 (𝑡) =
𝑄

∑
𝑞=1

𝑘𝑞V𝑞 (𝑡 − 𝜏𝑞) =
𝑄

∑
𝑞=1

𝐵𝑞 (𝑧−1) 𝑢𝑞 (𝑡)
𝐴𝑞 (𝑧−1)

. (7)
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Figure 1: The reference signal extracted from the AREP.

2.2. Reference Signal for Each Component. The selection of
reference signals, which directly affects the accuracy of EP
extraction, is a very important process. In MISO-ARX, we
extract the reference signal 𝑢𝑞(𝑡) for each component from
the AREP using a specific filtering window function, such
as the Hamming window or the Blackman window. The
central location and width of the window are determined
by the location and width of the peak, respectively. An
example of a simulated decomposition is provided in Figure 1.
It can be seen that the simulated waveform consists of
three underlying components, which were extracted using a
Hamming window.

2.3. The EEG Signal. In this paper, the EEG signal 𝑒(𝑡) is
viewed as an AR model driven by white noise 𝑤(𝑡), defined
as

𝑒 (𝑡) = 1
𝐴𝑒 (𝑧−1)

𝑤 (𝑡) , (8)

where 𝐴𝑒(𝑧−1) = 1 − ∑𝑛
𝑒

𝑖=1 𝑎
𝑒
𝑖 𝑧
−𝑖.

2.4. Estimation of Temporal Lag. In ARX, most researchers
assume that temporal lag 𝑑 between the input and output of
the model is equal to zero before estimating the model orders
𝑚 and 𝑛. This assumption is not in accordance with practice.
In this study, we used sparse coding to roughly estimate the
value of 𝑑. Sparse coding has had significant success in signal
denoising and separation. In addition, in our previous paper,
EPs were proven to have strong sparsity over an appropriate
dictionary [14]. Assuming𝐷 and 𝜃 are the dictionary and the
sparse coefficients, respectively, 𝑠(𝑡) can be expressed as 𝑠(𝑡) =
𝐷𝜃 [15]. Thus, 𝑦(𝑡) is

𝑦 (𝑡) = 𝑠 (𝑡) + 𝑒 (𝑡) = 𝐷𝜃 + 𝑒 (𝑡) . (9)

The estimator for 𝜃 is calculated by solving

�̂� = argmin
𝜃

‖𝜃‖0

s.t. 𝑦 (𝑡) − 𝐷 ⋅ 𝜃2 ≤ 𝜀0,
(10)

where 𝜀0 is determined by the variance of the EEG. Equation
(10) can be solved by using optimization methods, such as
basis pursuit [16], orthonormal matching pursuit [17], and
Lasso [18]. Since the atoms of 𝐷 are constructed by left or
right translation of the basic components of EPs, we use the
location of nonzero values in 𝜃 to estimate the temporal lag
𝑑.

2.5. Single-Trial Extraction. By replacing (7) and (8) in (1), we
get

𝑦 (𝑡) = 𝑠 (𝑡) + 𝑒 (𝑡)

=
𝑄

∑
𝑞=1

𝐵𝑞 (𝑧−1) 𝑢𝑞 (𝑡)
𝐴𝑞 (𝑧−1)

+ 1
𝐴𝑒 (𝑧−1)

𝑤 (𝑡) .
(11)

In order to simplify this model, we assume 𝐴𝑞(𝑧−1) =
𝐴𝑒(𝑧−1) = 𝐴(𝑧−1) . This implies a partial loss of generality
with respect to the AR model for the noise and the ARMA
model for the signal, completely independent of each other.
Nevertheless, the MISO-ARX model requires more complex
algorithms to be characterized. In this paper, this MISO
system is characterized with the global separable nonlin-
ear multi-innovation recursive least-squares-identification
method [19]. Then, parameters 𝐴(𝑧−1) and 𝐵𝑞(𝑧−1) are esti-
mated. The EP can be reconstructed as

𝑠 (𝑡) =
𝑄

∑
𝑞=1

𝑠𝑞 (𝑡) =
𝑄

∑
𝑞=1

𝐵𝑞 (𝑧−1) 𝑢𝑞 (𝑡)
𝐴 (𝑧−1)

. (12)
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Figure 2: The waves of the reference signals in 𝑙 = 0 and 𝑙 = 3.

3. Experimental Results

3.1. Simulation Experiment. A computer simulation was con-
ducted to verify the performance of our MISO-ARX method
for EP signal estimation. Three single-trial-estimation meth-
ods for EP signals, namely, ARX, REPE, and SP, were
compared in the following simulations. In order to measure
the performance of each of the methods, we measured the
SNR of the estimated EPs and the accuracy of the latencies
for different SNRs to evaluate the quality of these methods.
All experiments were implemented in Matlab R2006b on a
Pentium 2.7GHz PC with 4GB RAM.

The reference signals V𝑖(𝑘) were simulated by the super-
imposition of three basic components, which can be represent
by the Gaussian distribution function [20]; thus

𝑢 (𝑡) = 0.25 sinc [0.13𝜋 (4𝑡 − 8)]

+ 0.5 sinc [0.13𝜋 (4𝑡 − 16)]

+ sinc [0.13𝜋 (4𝑡 − 24 + 𝑙)] .

(13)

The synthetic reference signals (𝑙 = 0 and 𝑙 = 3) are shown in
Figure 2.

From Figure 2, it can be seen that all three components
have changed and the latency of the third wave varies
significantly. In this study, we used an EP with 𝑙 = 0 as the
reference signal. The background EEG superimposed on the
EP signal was simulated by an autoregressive process [21], as
shown in the following equation:

𝑞 (𝑡) = 1.5084𝑞 (𝑡 − 1) − 0.1587𝑞 (𝑡 − 2)

− 0.3109𝑞 (𝑡 − 3) − 0.0510𝑞 (𝑡 − 4) + 𝑤 (𝑡) ,
(14)

where 𝑤(𝑡) is Gaussian white noise. During the process
of estimation, the SNR of the observations may change

over time due to the nonstationary characteristics of the
EEG. Therefore, in this experiment, the performance of the
four different methods was examined under various SNR
conditions.The SNRs of the observations were changed from
0 dB to −10 dB, and 𝑙was changed from −5 to 5. For each SNR
value, 100 pairs of observations were generated. The average
results for different SNR and 𝑙 values in 100 independent runs
are shown in Figure 3.

It is clear that, with the decrease of the value of the
SNR, estimation performance declines. However, in MISO-
ARX, the changes in 𝑙 had hardly any impact on the esti-
mation results. This illustrates that our method is apt for
tracking latency variation of EPs. Since the SNR is defined
by the complete signal and not by a specific feature of it,
we measured the MISO-ARX method’s ability of tracking
latency variations.We compared ARX andMISO-ARX in the
case of three different SNR values (0 dB, −5 dB, and −10 dB)
and four different latencies (4.17ms (𝑙 = 7), 5.29ms (𝑙 =
3), 6.26ms (𝑙 = −1), and 7.24ms (𝑙 = −5)). Results are
shown in Figure 4. We can see from Figures 4(a) and 4(b)
that, for high SNR values (0 dB and −5 dB), our method
had strong tracking capability for all latencies. Figure 4(c)
indicates a deterioration of latency tracking performance
when the SNR decreased, but the MISO-ARX method’s
accuracy rate still exceeded 70%. With ARX, even for high
SNR values, for 𝑙 = −5 and 𝑙 = 7 the estimations were to-
tally wrong, suggesting that tracking such variations is not
possible.

3.2. Real Data. For further evaluation of the performance
of our method, VEPs were collected from six eyes belong-
ing to three human subjects during pattern reversal VEP
experiments. This study was conducted with the approval of
the local ethics committee, and all experiments with human
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Figure 3: Performance evaluation of four methods with different SNR and 𝑙 values.

participants were performed according to the National Insti-
tutes of Health Guidelines. VEP signals were recorded via
a surface electrode placed on the occipital region of the
scalp (Oz), using the right earlobe as a reference, with
the forehead grounded. Subjects were required to gaze at
a cross on the stimulus screen. The stimulus pattern was
a conventional black-and-white checkerboard, which was
reversed every half a second. Recordings were made using
a digital EEG recording system (NuAmps EEG Amplifier,
NeuroScan, USA) with a sampling rate of 1000Hz and stored
on a computer. Signals were bandpass filtered in the range of
0.05–450Hz.

In the VEP signal, critical responses were located at
approximately 100ms after stimulation, where the positive
peak (P100) occurred. With the stimulus being delivered at
0ms, we processed each VEP trial from 0ms to 200ms. We
used data from the first 50 pairs of trials to perform the
experiment, from six eyes belonging to three subjects, as

shown in Figure 5. As shown in the figure, it is clear that most
estimated VEPs have a peak at around 100ms.

For each eye, we used data from the first 50 pairs of
trials to calculate the average of the estimated VEPs. The
results are shown in Figure 6. The estimates using MISO-
ARX are indicated by solid line, and the averages of the
measurements are indicated by dashed-dotted line. Clearly,
as shown in Figure 6, the average of the estimated results
for each eye is very similar to the average of the measure-
ments.

Then, we estimated the latency of the P100 for each trial,
as shown in Figure 7. The estimates are indicated by dots,
the averages of the estimates are indicated by solid line, and
the P100 latencies of the average of the measurements are
indicated by dashed-dotted line. We can see that the trial-to-
trial variation in the latencies of P100 is large. However, the
averages of the estimates are close to the results of the average
of the measurements.
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Figure 4: Latency tracking of the third wave using ARX and MISO-ARX.

4. Conclusion

In this paper, we presented a novel single-trial EP extraction
method based on MISO-ARX. This method considers the
single-trial EP as a complex containing many components,
and each component can be modeled by ARMA. In addition,
in order to improve the accuracy of the model parameters
estimation, we used sparse coding to roughly estimate
temporal lag. Since each component is modeled individually,
our method has greater tracking capabilities of specific
components of the EP complex. We conducted a series
of experiments on synthetic and real data, and the results
were evaluated using waveform observations and several

metrics. From point of view of the experimental results, our
method achieved a better and more favorable estimation
performance than other currently used state-of-the-art
methods in single-trial EP estimations.
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Figure 5: Estimation performance.
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Figure 6: Average of the estimated VEPs and the average of the measurements.



BioMed Research International 9

0 5 10 15 20 25 30 35 40 45 50
50

60

70

80

90

100

110

120

130

140

150

Trials

The right eye of subject 1
La

te
nc

y 
(m

s)

(a)

0 5 10 15 20 25 30 35 40 45 50
50

60

70

80

90

100

110

120

130

140

150

Trials

The left eye of subject 1

La
te

nc
y 

(m
s)

(b)

0 5 10 15 20 25 30 35 40 45 50
50

60

70

80

90

100

110

120

130

140

150

Trials

The right eye of subject 2

La
te

nc
y 

(m
s)

(c)

0 5 10 15 20 25 30 35 40 45 50
50

60

70

80

90

100

110

120

130

140

150

Trials

The left eye of subject 2

La
te

nc
y 

(m
s)

(d)

0 5 10 15 20 25 30 35 40 45 50
50

60

70

80

90

100

110

120

130

140

150

Trials

The right eye of subject 3

La
te

nc
y 

(m
s)

(e)

0 5 10 15 20 25 30 35 40 45 50
Trials

The left eye of subject 3

50

60

70

80

90

100

110

120

130

140

150

La
te

nc
y 

(m
s)

(f)

Figure 7: Estimation of latencies of P100 by MISO-ARX.
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