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Humans have traditionally interacted with computers or
machines by using their hands to manipulate computer com-
ponents. This kind of human-computer interaction (HCI),
however, considerably limits the human’s freedom to com-
municate with machines. Over the years, many attempts
have been made to develop technologies that include other
modalities used for communication, for example, speech or
gestures, to make HCI more intuitive. Recent advances in
cognitive neuroscience and neuroimaging technologies in
particular have allowed for the establishment of direct com-
munication between the human brain and machines. This
ability is made possible through invasive and noninvasive
sensors that can monitor physiological processes reflected in
brain waves, which are translated online into control signals
for external devices or machines.

Such brain-computer interfaces (BCIs) provide a direct
communication method to convey brain messages to an
external device independent from the brain’s motor output.
They are often directed at assisting, augmenting, or repairing
human cognitive or sensory-motor functions. In BCIs, users
explicitly manipulate their brain activity instead of using
motor movements in order to produce brain waves that can

be used to control computers or machines. The development
of efficient BCIs and their implementation in hybrid systems
that combine well-established methods in HCI and brain
control will not only transform the way we perform everyday
tasks, but also improve the quality of life for individuals
with physical disabilities. This is particularly important for
those who suffer from devastating neuromuscular injuries
and neurodegenerative diseases which may lead to paralysis
and the inability to communicate through speech or gesture.

In a BCI system, brain activity is usually recorded using
a noninvasive neuroimaging technology, such as electroen-
cephalography (EEG), magnetoencephalography (MEG),
functional magnetic resonance imaging (fMRI), or near-
infrared spectroscopy (NIRS). In some cases, invasive tech-
nologies are used, such as electrocorticography (ECoG). In
the majority of BCI systems, scalp EEG data are recorded,
with the type of BCI system categorized based on themeasure
of brain activity used for BCI control. Each system has
its own shortcomings and disadvantages. For instance, the
information transfer rates of currently available noninvasive
BCI systems are still very limited and do not allow for
versatile control and interaction with assistive machines.
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Different BCI methods are sometimes combined in hybrid
systems in order to improve accuracy, reduce errors, and
overcome disadvantages specific to each conventional BCI
system individually.

In this special issue, S. Amiri et al. review the literature
on hybrid BCIs, pointing out their main advantages and
disadvantages. By using brain waves in combination with
other biosignals, performance in BCI control may be further
improved, enhancing the ability of people with compromised
motor systems to interact with the assistive machines. Next,
P. R. de Almeida Ribeiro et al. provide an overview of
the current state of assistive, noninvasive BCI research and
propose to integrate brain waves and other biosignals, for
example, electrooculography (EOG), for improved control
and applicability of assistive machines in paralysis. In addi-
tion to introducing an example of such a system, they also
discuss potential future developments.

P. Margaux et al. present an online P300-Speller employ-
ing automatic error correction. The system integrates error
potentials that allow the recognition of misinterpreted com-
mands in BCIs control. While at the group level, correction
neither improved nor deteriorated spelling accuracy, auto-
matic correction yielded a higher information transfer rate
than a respelling strategy. Also, they found that the more
the BCI user engaged in the task, the more useful and well
accepted the automatic error correction was.

Studying motor imagery is important for developing
high-performance BCIs. Motor imagery is the visualization
and rehearsal of an imaginary movement as opposed to
the actual execution of the movement. A. Athanasiou et al.
studied event-related de/synchronization of the mu-rhythm
(brain waves with a frequency of 8–15Hz recorded over sen-
sorimotor areas of the cortex) in the context ofmotor imagery
performance. By using the eConnectome, they identified
cortical activation in sensorimotor areas during actual and
imaginary movements. In their study, R. Mohammadi et al.
proposed pre- and postprocessing techniques to enhance the
performance of BCIs for the onset detection of a mental task
as a more general aspect of motor imagery.

Hardware components also play a crucial role in the
development of BCIs. A. Astaras et al. developed and tested a
prototype hybrid system consisting of two input devices and a
robotic arm. The input devices were an exoskeletal position-
sensing harness and a commercially available dry electrode
BCI headset. All parts were designed using computer-
aided design (CAD) software, manufactured with computer
numerical control (CNC) and laser cutting machines.

Beyond medical applications, BCI has also a great poten-
tial for gaming, a domain where users are open to novelty
and eager to face new challenges. Implementation of gaming
aspects into clinical BCI applications could prove useful by
yielding better efficiency and wider acceptance of BCI-based
therapies. E. Maby et al. present a BCI version of the famous
game “Connect Four.” Target selection was based on brain
event-related responses measured with nine EEG sensors.
Experimental evaluation on two competing healthy subjects
yielded an average accuracy of 82% demonstrating that the
BCI “Connect Four” can effectively be controlled.

These papers represent an exciting, insightful overview of
the state of the art HCI technology, as well as emerging future
topics in this important interdisciplinary field. We hope that
this special issue will attract significant attention from peers
working in all different fields related to HCI research, such as
engineering, medicine, biology, psychology, and informatics,
and that these reports will help chart new territory for the
future of this growing field.

Christos Papadelis
Christoph Braun

Dimitrios Pantazis
Surjo R. Soekadar
Panagiotis Bamidis
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The extent to which humans can interact with machines significantly enhanced through inclusion of speech, gestures, and eye
movements. However, these communication channels depend on a functional motor system. As many people suffer from severe
damage of the motor system resulting in paralysis and inability to communicate, the development of brain-machine interfaces
(BMI) that translate electric or metabolic brain activity into control signals of external devices promises to overcome this
dependence. People with complete paralysis can learn to use their brain waves to control prosthetic devices or exoskeletons.
However, information transfer rates of currently available noninvasive BMI systems are still very limited and do not allow versatile
control and interaction with assistive machines. Thus, using brain waves in combination with other biosignals might significantly
enhance the ability of people with a compromisedmotor system to interact with assistivemachines. Here, we give an overview of the
current state of assistive, noninvasive BMI research and propose to integrate brain waves and other biosignals for improved control
and applicability of assistive machines in paralysis. Beside introducing an example of such a system, potential future developments
are being discussed.

1. Introduction

The way humans interact with computers has changed sub-
stantially in the last decades. While, for many years, the
input from the human to the machine was mainly managed
through keystrokes, then later through hand movements
using a computer mouse, other potential input sources
have been opened up allowing more intuitive and effortless
control, for example, based on speech [1], gestures [2], or eye
movements [3], all depending on a functional motor system.

As cardiovascular diseases increase and people live
longer, an increasing number of people suffer fromconditions

that affect their capacity to communicate or limit their
mobility [4], for example, due to stroke, neurodegenerative
disorders, or hereditary myopathies. Motor disability can
also result from traumatic injuries, affecting the central or
peripheral nervous system or can be related to amputations
of the upper or lower extremities. While these handicapped
people would benefit the most from assistive machines, their
capacity to interact with computers or machines is often
severely impeded.

Among the most important causes of neurological dis-
abilities resulting in permanent damage and reduction of
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motor functions or the ability to communicate are stroke,
multiple sclerosis (MS), spinal cord injury (SCI), brachial
plexus injury (BPI), and neurodegenerative diseases, such as
amyotrophic lateral sclerosis (ALS) or dementia [4].

Stroke is the leading cause of long-term disability in
adults and affects approximately 20 million people per year
worldwide [5, 6]. Five millions remain severely handicapped
and dependent on assistance in daily life [4]. Nearly 30% of
all stroke patients are under the age of 65 [7]. Other diseases
resulting in paralysis at such early age include MS, affecting
more than 2.5 million people worldwide [8], or SCI with
12.1 to 57.8 cases per million [9, 10]. BPI, the disruption of
the upper limb nerves leading to a flaccid paralysis of the
arm, affects thousands of people every year [11]. Furthermore,
every year there are approximately 2,000 new traumatic
upper limb amputations in Europe [12].

While there is major progress in the development of
assistive apparatuses built for instance to compensate for a
lost or paralyzed limb for example, lightweight and versatile
prostheses or exoskeletons [13–16], intuitive and reliable
control of such devices is an enormous challenge.

Previous surveys on the use of artificial hands revealed
that up to 50% of the amputees are not using their prosthetic
hand regularly, mainly due to low functionality, poor cos-
metic appearance, and low controllability [17].

Since early on, the use of electromyographic (EMG)
signals for prosthetic control, for example, from the amputee’s
stump or contralateral chest muscles, was an important
concept [18, 19]. However, its broader success is still limited
due to many practical reasons that are valid for all assistive
systems that depend on recording biosignals, primarily the
effort and costs to provide good signal quality, a fast and
effective calibration process, and, last but not least, the
benefit of the system in the user’s everyday life. Furthermore,
increasing the signal-to-noise ratio or the specificity of such
recordings by means of techniques such as the electric nerve
stimulation [20] is possible but increases the overall system
complexity [21]. Adding sensory qualities during utilization
of prosthetic devices increasing the bidirectional interaction
between users and the machine improves the functionality
of assistive systems [22]. Here, however, the same limitation
applies as to the motor domain that the majority of such
systems depend on an intact peripheral sensory system.

Thus, the development and provision of assistive ma-
chines that are independent of the peripheral nervous sys-
tem’s integrity represent a promising and appealing per-
spective, particularly, if controlled intuitively and without
requiring extensive training to gain reliable control.

2. Brain-Computer and Brain-Machine
Interfaces: A General Overview

Since it was discovered that brain waves contain information
about cognitive states [23, 24] and can be functionally specific
[25, 26], the idea to use such signals for direct brain control
of assistive machines became a major driving force for the
development of the so-called brain-computer or brain-
machine interfaces (BCI/BMI) [27]. Such interfaces allow
direct translation of electric or metabolic brain activity into

Table 1: Categories of brain-computer and brain-machine inter-
faces.

Based on: recording site of brain signals
Brain signal used Recording technique
Invasive

Single spike Single cell recordings
Multiunit activity Multiunit arrays (MUA)
Local field potentials (LFP) Electrocorticogram (ECoG)

Noninvasive
Electric brain potentials Electroencephalography (EEG)
Neuromagnetic fields Magnetoencephalography (MEG)

BOLD Functional magnetic resonance
imaging (fMRI)

Oxy/deoxyhemoglobin Near-infrared spectroscopy (NIRS)
Based on:mode of operation
Active Asynchronous control

Synchronous control
Reactive N.A.
Passive N.A.
Based on: purpose
Assistive/biomimetic Restorative/biofeedback
Used for restoration of Tested in the treatment of

Communication Stroke
Paralysis Chronic pain

Tinnitus
Dementia
Depression
Schizophrenia

control signals of external devices or computers bypassing the
peripheral nervous and muscular system.

As neural or metabolic brain activity can be recorded
from sensors inside or outside the brain, BCI/BMI is cat-
egorized as invasive or noninvasive systems [28]. Other
categorizations relate to the specific brain signal used for
BCI/BMI control or the mode of operation (see Table 1).

Invasively recorded brain signals that were successfully
used for BCI/BMI control include single-spike or multiunit
activity and local field potentials (LFP) [29]. These signals
are necessarily recorded from inside the skull, while electric
or magnetic brain oscillations reflecting pattern formation of
larger cell assemblies’ activity [30] can also be recorded from
outside the skull using electro- or magnetoencephalography
(EEG/MEG). Each method offers access to specific unique
properties of brain activity [31].These noninvasive techniques
allow, for example, detection and translation of slow cortical
potentials (SCP), changes of sensorimotor rhythms (SMR),
or event-related potentials (ERP), for example, the P300,
translating them into control signals for external devices or
computers. More recently, online interpretation of changes in
metabolic brain activity [32, 33] was introduced for BCI/BMI
application offering high spatial (in the range ofmm), but low
temporal, resolution (in the range of seconds).These systems
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use functional magnetic resonance imaging (fMRI) [32] or
near-infrared spectroscopy (NIRS) [33, 34], both measuring
changes in brain tissue’s blood-oxygenation-level dependent
(BOLD) signals.

In 1969, Fetz demonstrated that single neurons in pre-
central cortex can be operantly conditioned by delivery of
food pellets [35]. Since then, operant conditioning of cortical
activity was demonstrated in various paradigms [36], requir-
ing, though, opening of the skull and insertion of electrodes
into the brain with the risk of bleedings and infections
[37, 38]. An intermediate, semiinvasive approach uses LFP
recorded by epidural electrocorticography (ECoG) [29, 39].
LFP reflects neural activity of an area of up to 200𝜇m2 com-
prising hundreds of thousands of neurons with numerous
local recurrent connections and connections to more distant
brain regions [40], while brain oscillations recorded nonin-
vasively (e.g., using EEG or MEG) contain information of
millions of neurons [41].

To control assistive devices or machines in paralysis, the
following noninvasively recorded neurophysiologic signals
were successfully used up to now: (1) slow cortical potentials
(SCP) [42, 43], (2) sensorimotor rhythms (SMRs) and its har-
monics [44, 45], and (3) event-related potentials (ERPs), for
example, P300 [46].

The use of SCP in BCI/BMI applications goes back
to Birbaumer and his coworker’s work in the late 1970s
showing that operant control of SCPs (slow direct-current
shifts occurring event-related after 300ms to several seconds)
is possible while exhibiting strong and anatomically specific
effects on behavior and cognition [47–49]. A tight correlation
of central SCPs and blood-oxygen level-dependent (BOLD)
signals in the anterior basal ganglia and premotor cortex was
found [50] suggesting a critical role of the basal ganglia-
thalamo-frontal network for operant control of SCP.

In contrast to SCPs, SMRs are recorded over the sensori-
motor cortex usually at a frequency between 8 and 15Hz. In
analogy to the occipital alpha and visual processing [51], the
SMR (or rolandic alpha) shows a clear functional specificity,
disappearing during planned, actual, or imagined move-
ments [52]. Accordingly, a close association with functional
motor inhibition of thalamocortical loops was suggested [53].
Depending on the context, the SMR is also called 𝜇-rhythm
[54] or rolandic alpha and was extensively investigated by the
Pfurtscheller group in Graz [55] and the Wolpaw group in
Albany [56, 57].

Another well-established and tested BCI/BMI controller
is the P300-based ERP-BCI introduced by Farwell and
Donchin [58]. While SCP- and SMR-controls are learned
through visual and auditory feedback often requiring multi-
ple training sessions before reliable control is achieved, the
P300-BCI needs no training at all. While, in the classical
P300-ERP-BCI paradigm, the user focuses his attention to a
visual stimulus, other sensory qualities such as tactile [59]
or auditory stimuli [60, 61] were successfully implemented
in ERP-BCI. Information rates of ERP-BCI can reach 20–
30 bits/min: [62].

In terms of operation mode, active, passive, and reactive
BCI/BMI applications can be distinguished [63].While active

and reactive BCI/BMI require the user’s full attention to gen-
erate voluntary and directed commands, passive BCI/BMI
relates to the concept of cognitive monitoring introducing
the assessment of the users’ intentions, situational interpre-
tations, and emotional states [64].

In active BCI/BMI applications, two forms of control
can be distinguished: synchronous and asynchronous control
[65]. In synchronous control, translation of brain activity
follows a fixed sequence or cue.Theuser is required to be fully
attentive, while in asynchronous or uncued control, a specific
brain signal is used to detect the user’s intention to engage in
BCI/BMI control [65, 66].

3. Brain-Machine Interfaces in
Neurorehabilitation of Paralysis

BMI used in neurorehabilitation follows two different strate-
gies: while assistive or biomimetic BMI systems strive for
continuous high-dimensional control of robotic devices or
functional electric stimulation (FES) of paralyzed muscles to
substitute for lost motor functions in a daily life environment
[67–69], restorative or biofeedback BMI systems aim at
normalizing of neurophysiologic activity that might facilitate
motor recovery [70–74]. Insofar, restorative or biofeedback
BMI can be considered as “training-tools” to induce use-
dependent brain plasticity increasing the patient’s capacity for
motor learning [44, 75].

These two approaches derive from different research
traditions and are not necessarily related to the invasiveness
of the approach: in the early 80s of the last century, decoding
of different movement directions from single neurons was
successfully demonstrated [76]. Since then, reconstruction
of complex movements from neuronal activity was pursued,
using both invasive and noninvasive methods.

Firing patterns acquired through single cell recordings
from the motor cortex [77] or parietal neuronal pools [78]
in animals were remarkably successful for reconstruction of
movement trajectories.Monkeys learned to control computer
cursors towards moving targets on a screen activating neu-
rons in motor, premotor, and parietal motor areas. It was
shown that 32 cells were sufficient to move an artificial arm
and perform skillful reachingmovements enabling a monkey
to feed himself [67]. Learned control of movements based on
single cell activity was also shown using neurons outside the
primary or secondary motor representations [79]. In 2006,
successful implantation of densely packed microelectrode
arrays in two quadriplegic human patients was demonstrated,
enabling them to use LFP in order tomove a computer cursor
in several directions [68]. Most recently, a study using two
96-channel intracortical microelectrodes placed in themotor
cortex of a 52-year-old woman with tetraplegia demonstrated
robust seven-dimensional movements of a prosthetic limb
[80].

In contrast to this work aiming at assistive appliance of
invasive and noninvasive BMI technology, the development
of restorative/biofeedback BMI systems is tightly associated
with the development and successes of neurofeedback (NF)
and its use to purposefully upregulate or downregulate brain
activity—a quality that showed to have some beneficial effect
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in the treatment of various neurological and psychiatric
disorders associated with neurophysiologic abnormalities
[71]. InNF, subjects receive visual or auditory online feedback
of their brain activity and are asked to voluntarily modify, for
example, a particular type of brainwave. Successful modifi-
cation becomes contingently rewarded. NF was successfully
used in the treatment of epilepsy [81, 82], ADHD [83–85],
chronic pain syndrome [86].The rational to use this approach
in the context of neurorehabilitation is based on data indi-
cating that stroke patients with best motor recovery are
the ones in whom ipsilesional cortical function is closer to
that found in healthy controls [87]. A negative correlation
between impairment and activation in ipsilesional M1 during
hand motions has been documented [88]. Thus, a larger
clinical study was performed at the University of Tübingen in
Germany and the National Institute of Neurological Disor-
ders and Stroke (NINDS, NIH) in USA with over 30 chronic
stroke patients testing the hypothesis that augmentation of
ipsilesional brain activity would improve motor recovery
[89, 90]. In this study, all participating patients suffered from
complete hand paralysis and were unable, for example, to
grasp. The study showed that one month of daily ipsilesional
BMI training combined with goal-directed physiotherapy
resulted in significant motor improvements, while random
BMI-feedback did not. Further analysis of neurophysiologi-
cal parameters indicated that motor evoked potentials (MEP)
from the ipsilesional hemisphere reflecting the integrity of
the corticospinal tract could predict motor recovery of the
trained patients [91]. Currently, further improvements of this
training paradigm, for example, related to the feedback or
specificity and effectiveness of training [44], for example,
using electric brain stimulation to enhance neuroplasticity
[92], are being tested.

4. Noninvasive Assistive Brain-Machine
Interfaces in Paralysis

Both invasive and noninvasive BCI and BMI found their way
into assistive systems, for example, allowing communication
in locked-in patients [42] or restoration of movement in
patientswith paralysis [28, 93].TheGraz groupwas the first to
use volitional SMRmodulation for control of electric stimula-
tion of a quadriplegic patient’s paralyzed hand [69, 94].While
the patient imagined a movement, the associated modulation
of SMR was translated into functional electric stimulation
(FES) of his upper limb muscles resulting in grasping mo-
tions. After this proof-of-concept study, numerous publica-
tions addressed the different aspects that are important to
allow intuitive and seamless control of biomimetic devices
[20] or FES [95] in a daily life environment [96]. While many
challenges were successfully mastered in the last years, three
major aspects were not satisfyingly solved yet: (1) intuitive,
asynchronous BCI/BMI control, (2) 100% reliability, and (3)
unambiguous superiority (in terms of information transfer
rate, ITR, and necessary preparation effort) over the use of
other biosignals (e.g., related to speech, gestures, or eye
movements).

These aspects do not apply to BCI use for communication
in complete paralysis, for example, complete locked-in-state

(CLIS) in ALS, as no asynchronous mode is necessary,
reliability is secondary, and no other biosignals are available
anymore [97].

A system that is unreliable in daily does not only limit its
practicality, but limits its practicality, but would be also asso-
ciated with ethical difficulties [98, 99]. While there are good
arguments suggesting that invasive BCI/BMI can provide
a higher ITR [100], it is still unclear how much meaningful
information, for example, for reconstruction of hand move-
ments, can be extracted from noninvasively recorded brain
signals [101]. Recently, work by Contreras-Vidal’s group at the
University of Houston suggested that slow-frequency EEG
(oscillations with a frequency of up to 4Hz) might provide as
much information as invasive recordings [102, 103], for exam-
ple, for reconstruction of three-dimensional hand move-
ments [103]. Currently, implementation of this approach in
closed-loop paradigms is being pursued. Nevertheless, it is
conceivable that the only viable solution to satisfyingly solve
those three aspects will be the inclusion of other biosignals
into a system merging different biosignal sources to detect
user’s intentions and integrating this information into the
current context of the user to further increase intuitive
control and assure reliability of the system. Such systems
that merge brain control with other biosignals were recently
summarized under the term “brain-neural computer inter-
action” (BNCI) systems receiving notable funding through
the 7th Framework Program for Research and Technological
Development (FP7) of the European Union.

Particularly promising in this context is integrating eye
movements using electrooculography (EOG) or eye tracking
into prosthetic control. At the University of Tübingen, a
first prototype system was conceptualized that allows asyn-
chronous BCI/BMI control while solving the reliability issue
by using eye tracking, EOG, and computer vision-based
object recognition. A computer equipped with a 3D camera
recognizes objects placed on a table.The system detects when
the user fixates any of the objects recognized as graspable,
for example, a cup or ball. Once an object is fixated with the
eyes, the BCI/BMI mode switches on, detecting whether the
user wants to grasp the object. A robotic hand or exoskeleton
(both developed by the BioRobotics Institute, Scuola Supe-
riore Sant’Anna, Pisa, Italy) performs the grasping motion
(Figure 1). The motion becomes interrupted if the user does
not fixate the object anymore as measured by eye tracking
and EOG (see Figure 2). This assures that no action of
the system depends exclusively on brain wave control that
might be susceptible to inaccuracies. Such system, integrating
perceptual and contextual computing developed in the field
of human-computer interaction (HCI) research into BCI
applications, promises to overcomemany limitations of brain
control alone,mainly the reliability issue, likewise broadening
the repertoire of modern HCI research to infer user state and
intention from brain activity.

As trauma or stroke can affect motor and body functions
very differently in each individual, proper and fast calibration
for inclusion into seamless BNCI control is often impeded.
Thus, inclusion of eye movements is the most promis-
ing biosignal in this context so far. Particularly as visual
interaction plays a key role when planning, executing, and
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EEG 

BCI/BMI platform 
EOG 

Eye tracking 
Control unit 

Assistive  
device  

Visual and proprioceptive  
feedback  

Biosignals 

Figure 1: Organization of the University of Tübingen’ prototype system controlling assistive devices using brain waves and eye movements.

(I) 3D-camera recognizes graspable objects 

(II) User fixates a specific object (detected by eye tracking) 

(III) BCI/BMI mode becomes activated 

(IV) Brain activity indicating the user’s  
intention to move the paralyzed arm is detected 

(V) Grasping motion is performed by the  
prosthetic device or hand exoskeleton 

Figure 2: Illustration of the processing chain for performing grasping motions of an assistive system using brain waves and eye movements.
The grasping motion stops once the user does not fixate the object with his eyes anymore.

adapting motor control. Beside electric biosignals such as
EOG and EMG, other measures that can be used for BNCI
control include magnetic, mechanic, optic, acoustic, chem-
ical, and thermal biosignals. These biosignals, however, are
more susceptible for artifacts and exhibit larger variability
depending on the environmental conditions. Future research,
however, might find novel ways to advantageously include
such biosignals into BNCI control and application.

The organisms’ behavior measurable in these various
biosignals reflects conscious and unconscious processes that
can be inferred and purposefully used for BNCI control. In
case of eye movement control, changing fixation of an object
can point to inattention, distraction, or volitional (conscious)
act to interrupt unwanted output of the BNCI for example.

Practicality of such approach is limited when, for in-
stance, eyesight or eyeball control is impaired due to a
disease or trauma. This can be the case in multiple sclerosis,
traumatic brain injury, stroke, or neurodegenerative disor-
ders such as ALS. ALS may lead to CLIS, where classical
semantic conditioning might be the only way to sustain
a communication channel [104] while inclusion or use of
other biosignals seemed not particularly helpful [94]. Also,
inclusion of other biosignals often increases preparation time
for placing and calibrating the required biosensors further

limiting practicality. This is particularly relevant when the
system requires handicapped persons to place and handle
the sensors in a home environment. Nevertheless, these
technical limitations might dissolve in the course of near-
future research and development.

An important conceptual advantage of including other
biosignals into BCI control relates to the improved reliability,
which not only increases usability in daily life, but also
the degree of self-efficacy, a dimension that should not be
underestimated in acceptance of such technology, but also
in the context of restorative/biofeedback BCI training for
example. Here, the fact that a patient experiences full control
of a completely paralyzed limb might facilitate overcoming
“learned nonuse” and motivate the user to engage in behav-
ioral physiotherapy [105].

5. Conclusion

BCI/BMI systems promise to enhance applicability of assis-
tive technology in humans with a compromised or damaged
motor system. While information transfer rates of noninva-
sive BCI/BMI are sufficient for communication, for example,
in locked-in-state, versatile control of prosthetic devices
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using brain waves will require major research and devel-
opment efforts to provide intuitive, asynchronous control
sufficiently reliable in daily life environments. Many reasons
suggest that using the combination of brain waves with other
biosignals might entail many attractive solutions to control
assistive, noninvasive technology even after severe damage of
the central or peripheral nervous system.
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Introduction. Development of a robotic arm that can be operated using an exoskeletal position sensing harness as well as a dry
electrode brain-computer interface headset. Design priorities comprise an intuitive and immersive user interface, fast and smooth
movement, portability, and cost minimization.Materials and Methods. A robotic arm prototype capable of moving along 6 degrees
of freedom has been developed, along with an exoskeletal position sensing harness which was used to control it. Commercially
available dry electrode BCI headsets were evaluated. A particular headset model has been selected and is currently being integrated
into the hybrid system. Results and Discussion. The combined arm-harness system has been successfully tested and met its design
targets for speed, smooth movement, and immersive control. Initial tests verify that an operator using the system can perform pick
and place tasks following a rather short learning curve. Further evaluation experiments are planned for the integrated BCI-harness
hybrid setup. Conclusions. It is possible to design a portable robotic arm interface comparable in size, dexterity, speed, and fluidity
to the human arm at relatively low cost. The combined system achieved its design goals for intuitive and immersive robotic control
and is currently being further developed into a hybrid BCI system for comparative experiments.

1. Introduction

Brain-computer interfaces (BCIs) are interactive systems that
aim at providing users with an alternative way of translating
their volition into control of external devices. Their most
popular applications lie within the scope of rehabilitation
and motor restoration for patients with severe neurological
impairment [1]. Although BCI research is currently undergo-
ing a transitional stage of exploratory efforts [2], commercial
applications of BCIs are beginning to emerge [3].

The use of brainwaves to control robotic devices has
produced promising clinical results in terms of feasibility
[4]. Restoration of a certain degree of motor functions [5, 6]
and high accuracy control of robotic prosthetic arms using
invasive BCIs has already been demonstrated [7]. Neverthe-
less, in order for such BCI-controlled robotic applications to

achieve end-user maturity, the use of noninvasive, portable,
and relatively low-cost systems is considered a required
development.

Given these recent technological advances, we have
focused our research efforts in noninvasive, minimally intru-
sive, and low-cost BCI. We have designed, partly imple-
mented, and tested an electromechanical robotic system to
investigate the capabilities and limitations in combining these
technologies for biomedical applications [8]. All components
used for the developed system presented in this paper have
been designed, implemented, and tested by our research and
development team.

Design requirements included fast robotic movement
that approximates the natural movement of a human oper-
ator’s arm, an intuitive and immersive interface, portability,
potential for further development, scalability, and relatively
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Figure 1: CAD diagram of the 6-DOF exoskeletal position sensing
harness. The curved arrows show the axis of 7 axes of rotation (the
7th DOF is used to control the robotic gripper).The harness is worn
around the human operator’s arm.

low cost (i.e., less than $3000).We targeted investigative com-
parative neurophysiological scenarios in which an operator
remotely controls a 6-degree-of-freedom (DOF) robotic arm
using their arm movement, their brainwaves, or both.

2. Materials and Methods

The hybrid system under development comprises two input
devices and a robotic arm.The input devices are an exoskele-
tal position sensing harness (EPSH) and a commercially
available dry electrode BCI headset. The robotic arm is the
actuator device in our system and was also developed entirely
by the authors. There is no feedback to the human operator
in the proof-of-concept prototype described in this system.

The human arm, excluding the hand, possesses the ability
to move along 7 DOF: pitch, yaw, and roll at the shoulder
joint, pitch and roll at the elbow, pitch and yaw at the wrist.
Only three DOF are needed to move the hand at a particular
point in space, while the remaining 4 DOF permit humans to
approach and grasp objects from different angles.

In order to simplify the design of both the EPSH and the
robotic arm, we made the choice to omit wrist yaw, since
it does not significantly affect the ability of the robot to
manipulate objects. Still, a 7th DOF was added in order to
operate the gripper.

All parts were designed using computer-aided design
(CAD) software, manufactured using computer numerical
control (CNC) and laser cutting machines, and assembled
and tested by our team.

2.1. The Exoskeletal Position Sensing Harness. An EPSH was
developed as a form of minimally intrusive, intuitive, and
immersive interface for the robotic arm. It copies the opera-
tor’s armmovementwithmeasurable and repeatable accuracy
(Figure 1). Apart from providing research data directly on
immersive human computer interfaces, it will also form the
basis for future comparative neurophysiological experiments
in which a dry electrode BCI headset is evaluated against
other forms of immersive robotic remote control.

The harness sensors and accompanying electronics pro-
vide real-time data on the position of the human operator’s

Figure 2: CAD diagram of the 6-DOF robotic arm and gripper.The
6 dark cylinders are DC motors, each accommodating a degree of
freedom.

joints from wrist to shoulder. Hand and finger position is
not sensed; however, a finger-operated switch allows the user
to operate the robotic arm’s gripper in order to pick up and
release items.

Copying of the human operator’s movements is achieved
through the EPSH which is worn around their arm. The
harnessmeasures the angles between the different parts of the
arm and hand. Electronic output originating from the sensing
harness is passed on to the robotic arm’s control circuit, which
also takes into account feedback output from the robotic
arm itself. During the design phase, we, therefore, faced a
classic automation closed-loop control challenge: the input
is provided by the EPSH worn by the operator, the robotic
arm is the recipient of the control output, and a feedback loop
takes into account the actual position of the arm.

2.2. The Robotic Arm. The robotic arm is capable of the 6
following types of movement.

(i) 2 DOF for the “shoulder” joint (“right–left” and “up–
down”).

(ii) 1 DOF for the “elbow” joint.
(iii) 1 DOF for the “wrist” joint.
(iv) 2 DOF for rotation between the “shoulder–elbow”

and “elbow–wrist” parts.

The robotic arm (Figure 2) is also equipped with an elec-
tromechanical gripper, which is operated by two servomotors
controlled through a separate 7th communication channel.

2.3. The Dry Electrode BCI Headset. The selection of a
commercially available BCI headset depended on the number
of sensing channels, signal quality, price, and ease of use
[9]. The ability of electrodes to perform dry was set as an
important requirement. The inconvenience caused by the
application of conductive gel to the scalp and the time-
consuming preparation routine were considered decisive
factors in limiting our selection to dry electrode headsets.
While gel-contact electrodes provide better contact and
measurement accuracy, the goals of the planned MERCURY
comparative experiments are better served by a less precise,
less expensive wearable headset.

Furthermore, the ideal BCI headset would need to meet
the requirements of multiple data acquisition channels, low
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weight, and low cost. Frequency-based automatic classifi-
cation of mental states by the hardware device and the
ability to export the raw EEG signal were considered, the
former being a strong factor for preference, the latter a deci-
sive requirement. The maximum number of automatically
detectedmental stateswas not considered a priority, since this
feature can be provided by the signal processing capabilities
of our experimental setup. Still, the capacity of a commercial
system to automatically detect multiple mental states was
considered an indirect indication of the quality and breadth
of its sensing capabilities. Thus, it was deemed a desirable—
albeit less significant—advantage.

For this reason we examined two low-cost, commercially
available headsets (Figure 3), the Emotiv EPOC [3] and
NeuroSky MindWave [9].

Both devices export raw EEG as well as processed, auto-
matically classified mental state data. Our choice between
them depended on their sensing capabilities where the
NeuroSky MindWave uses one sensor that can provide only
three values: attention, meditation, and eye blinking. The
Emotiv EPOC uses a series of 16 sensors, which are capable
of detecting specific conscious thoughts, levels of attention,
facial expressions, and head movements (the latter using the
embedded gyroscope).The sampling frequency of the Emotiv
EPOC is 4 times greater than the NeuroSky MindWave
making it comparable to more complex and expensive virtual
rehabilitation EEG devices [10].

The drawback of both devices is the occasional unrelia-
bility of signal quality, primarily associated with the use of
dry electrodes. For this reason, the designers of the Emotiv
headset suggest that users further improve skin conductance
by themoistening of the sensors using a saline solution.While
this procedure is not ideal for our purposes, it was considered
the least inconvenient among commercially available low-
cost solutions.

Despite this drawback, we selected the Emotiv EPOC for
use in our hybrid system design, since it integrates the largest
number of sensors at the highest sampling rate among all
portable low-cost BCI headsets available in the market at the
time this paper was submitted.

In the MERCURY hybrid setup, frequency-based EEG
data classification is performed both inside the Emotiv EPOC
device [11] as well as on the PC accepting raw data, depending
on themode of operation.The PC supporting theMERCURY
hybrid system performs frequency-based analysis on selected
channels and communicates results to the microcontroller
operating the robotic arm, through a digital wired connec-
tion.Themicrocontroller can subsequently choose to control
the arm based on incoming data from the EPOC or the
exoskeletal sensing harness (Figure 4) or redirect both to
a fusion algorithm that produces movement instructions
(hybrid interface mode).

3. Results and Discussion

Development of the first two components of the hybrid sys-
tem, the robotic arm and EPSH, has recently been completed.
Validation and characterization tests have been performed

in order to measure response times, angular velocity and
acceleration, maximum payload, and power consumption
(Figure 5).

3.1. Response Time. The average response time of M2, the
motor operating within the shoulder joint of the robotic arm,
was measured to be 120ms ± 10. This was measured using
an oscilloscope, measuring (10 repetitions average) the drop
in current consumption by the motor as soon as the rotor
started rolling. This motor is the slowest in the robot, so
this measurement is used to formulate worst-case scenario
comparisons. The aforementioned value was obtained using
an oscilloscope to measure the initial setup time before the
motor starts accelerating continuously. Anecdotal evidence
from initial tests indicates that this delay is hardly noticeable
by human operators.

3.2. Angular Velocity and Acceleration. A typical range of
values for the average angular velocity of a human arm
has been reported in the literature [12] to be 23∘–50∘/sec
for relaxed, 36∘–87∘/sec for regular, and 122∘–251∘/sec for
strained quick movement. The equivalent ranges for aver-
age angular acceleration were 29∘–41∘/sec2, 72∘–135∘/sec2,
and 721∘–1151∘/sec2, respectively. These average values were
extracted from a series of experiments involving multiple
subjects moving a horizontally rotating handle, a task which
combined shoulder, elbow, and wrist movements.

We experimentallymeasured the average angular velocity
of motors M2 (shoulder) and M4 (elbow) of our robotic
arm throughout their full range of motion, 180∘ and 150∘,
respectively [12]. These two motors were selected since they
are known to be the slowest in the robotic arm, carry themost
weight, and consume the largest share of power.

The experiments were set up so that the robotic arm be
in an upwards movement (impeded by gravity) and were
performed twice, with and without an additional 50 gr load.
The robot input was to move as fast as possible, and multiple
measurements were made in order to obtain average values.
Results are summarised in Table 1.

Even though the experimental results are not directly
comparable, focusing on the slowest response times of the
robot—a deliberately pessimistic scenario—leads to some
useful conclusions. The robotic arm

(i) is capable of combining speed and acceleration that
exceed the typical range of regular human arm
movements [13], even when impeded by gravity and
carrying a small load,

(ii) is capable of accelerating faster than the human arm,

(iii) has an average speed reduction of less than 6% when
carrying a small 50 gr load (averaged across the full
range for motion for any joint),

(iv) has a qualitative attribute, not quantified yet, infor-
mally indicated by testing engineers: motion is
smooth and the control is immersive and “feels
natural”;
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(a) (b)

Figure 3: The two commercially available dry electrode BCI headsets considered. The NeuroSky MindWave (a) and Emotiv EPOC (b).

Figure 4: The first prototype exoskeletal position sensing harness,
which is worn around the extended arm of a human operator. All
parts used for the assembly were manufactured by the developers to
design requirements.

Table 1: Experimental results of average angular velocity and
acceleration measurements from the robotic arm. Motor M2 moves
the shoulder joint, M4 moves the elbow. The load used was 50 gr.

Avg angular velocity
(∘/sec)

Avg angular acceleration
(∘/sec2)

M2 (free) 108 ± 1 —
M2 (load) 102 ± 1 1535 ± 10
M4 (free) 134 ± 1 —
M4 (load) 128 ± 1 —

(v) combined with the EPSH and the BCI headset, the
entire integrated device is portable and suitable for
carriage by a single person.

Complete qualitative assessment studies are planned in the
immediate future, prior to the comparative experiments
mentioned in following sections.

3.3. Dimensions, Payload, and Power Consumption. The
EPSHmeasures 21 × 21.4 × 69 cm and weighs 3 kg. Including

its wooden base, the robotic arm weighs 5.9 kg. When
extended vertically, the robotic arm measures 25 × 73.9 ×
30.2 cm. The moving part of the arm measures 25 × 12.5 ×
46 cm. Its working space is approximately a hemisphere with
a radius equal to its reach (46 cm), approximately 60% the
reach of an adult human arm [14].

The robotic arm prototype has a rated maximum payload
of 300 gr.Themaximum payload is 750 gr.These figures are a
direct consequence of striving to maintain low development
cost and can be dramatically improved in future prototypes.
No tests were performed with loads greater than 750 gr in
order to prevent damage to the prototype.

The robotic arm is powered by a 24V DC power supply.
The peak current is 3.5 A ± 0.1, and the average power
consumption is 25.3W ± 0.1. All measurements were made
with gravity impeding movement without additional load.

4. Future Work

With respect to electromechanics and electronics, the next
development steps involve integrating the selected dry
electrode headset with the EPSH and robotic arm into a
hybrid device. APCwill be capable of recording experimental
sessions in which the operator uses the headset, the harness,
or both to control the robotic arm. Once experiments are
concluded with the hybrid setup, there are further plans to
introduce a feedback loop so that the operator gains a tactile
feeling of resistance when the robotic arm touches an object
or obstacle.

With respect to software development, MATLAB-based
(the MathWorks Inc., Natick, Massachusetts, USA) software
code will process the output of the BCI headset, evaluate it
against precise motion data captured by the harness and arm,
and draw comparative conclusions. Our team is interested in
comparing the BCI output to that of a conventional 10/20
EEG data acquisition system as well as to the output of the
EPSH.



Advances in Human-Computer Interaction 5

Figure 5: The first prototype robotic arm developed by our team.
It is capable of moving at angular speed comparable to the natural
motion of a human operator’s arm. It comprises 6 DC motors (one
for each DOF) and 2 servomotors for the gripper.

4.1. Comparative Experiments. The novelty of our experi-
mental setup is the ability to capture all 6 degrees of freedom
of the human arm’s physical movement electromechanically,
at low cost, with relative accuracy, and in real time. Fur-
thermore, we plan to proceed with comparing our results
to those acquired through the use of both a commercial
BCI headset and a more conventional multichannel EEG-
BCI paradigm, while the subject actually performs motor
execution tasks. It is also among our research plans to
comparatively investigate the role of virtual reality (VR) in
controlling a virtual prosthetic arm versus controlling an
actual robotic arm.

A series of neurophysiological experiments involve com-
parison of brain activation results between scenarios of
motor execution (ME) versus motor imagery (MI) [15] and
an unrelated control scenario. We plan to compare brain
activation maps during ME tasks performed with the EPSH
of the robotic arm, as well as the dry electrode headset BCI
versus similarmaps acquired duringMI tasks performedwith
the BCI system.

The role of functional connectivity (FCN) of the brain
in the fluid motions of the arm is also within our scope of
experimentation. We wish to explore whether graph analysis
of FCN duringME andMI of the arm can contribute towards
the goal of making BCI systems more intuitive, easy to learn
and easy to use.

A hybrid man-machine interface (MMI) and brain-
computer interface (BCI) systems offer numerous investiga-
tive research advantages. Fluid and intuitive control of a pros-
thetic robotic arm using BCI is yet to be demonstrated, due to
limitations of current BCI data acquisition and classification
technologies. Those limitations could be addressed using the
added benefit theMMI-control parameter for the robotic arm
and artificial intelligence classifiers. The main question to
be answered, as far as this hybrid system is concerned, can
be identified in whether the unintuitive, hard-to-adjust-to
and limited in functionality BCI systems which are currently
commercially available can benefit from this approach. Are
BCIs after all destined to be exclusively used for research
and clinical purposes or could they evolve into a mature
mainstream technology?

5. Conclusions

We have developed an intuitively controlled 6 DOF robotic
arm and accompanying operator’s sensing harness, satisfying
the design requirements for an immersive, hybrid robotic
control system. The first proof-of-concept prototype has
been developed, evaluated, and deemed adequate for the
next development step: integration with a commercial dry-
electrode BCI headset. The intended research objectives for
this system include BCI optimization through comparative
experiments, using the motion and position sensing harness,
the dry electrode BCI headset, and a combination of both.
The ultimate research goals are to better understand the func-
tion of the motor cortex, improve neurofeedback training for
people suffering from neurological disorders, and optimize
robotic prosthetics.
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Increasing number of research activities and different types of studies in brain-computer interface (BCI) systems show potential
in this young research area. Research teams have studied features of different data acquisition techniques, brain activity patterns,
feature extraction techniques, methods of classifications, and many other aspects of a BCI system. However, conventional BCIs
have not become totally applicable, due to the lack of high accuracy, reliability, low information transfer rate, and user acceptability.
A new approach to create a more reliable BCI that takes advantage of each system is to combine two or more BCI systems with
different brain activity patterns or different input signal sources. This type of BCI, called hybrid BCI, may reduce disadvantages
of each conventional BCI system. In addition, hybrid BCIs may create more applications and possibly increase the accuracy and
the information transfer rate. However, the type of BCIs and their combinations should be considered carefully. In this paper, after
introducing several types of BCIs and their combinations, we review and discuss hybrid BCIs, different possibilities to combine
them, and their advantages and disadvantages.

1. Introduction

A brain-computer interface (BCI) system can provide a
communication method to convey brain messages inde-
pendent from the brain’s normal output pathway [1]. Brain
activity can be monitored using different approaches such
as standard scalp-recording electroencephalogram (EEG),
magnetoencephalogram (MEG), functional magnetic res-
onance imaging (fMRI), electrocorticogram (ECoG), and
near infrared spectroscopy (NIRS) [1–4]. However, EEG
signals are considered as the input in most BCI systems.
In this case, BCI systems are categorized based on the
brain activity patterns such as event-related desynchroniza-
tion/synchronization (ERD/ERS), steady-state visual evoked
potentials (SSVEPs), P300 component of event related poten-
tials (ERPs), and slow cortical potentials (SCPs) [5–16]. Each
BCI type has its own shortcoming and disadvantages. To
utilize the advantages of different types of BCIs, different
approaches are combined, called hybrid BCIs [15, 16]. In a
hybrid BCI, two types of BCI systems can be combined. It is
also possible to combine one BCI systemwith another system
which is not BCI-based, for example, combining aBCI system

with an electromyogram (EMG)-based system. However, one
can debate if this type of system should be defined as hybrid
BCI. In the rest of this paper, we assume that if an EEG BCI
system is combined with another physiological signal (e.g.,
EMG) based system, a hybrid BCI systemwill be constructed.

Although different BCI methods can be combined, it
should be noted that not all combinations of different brain
imaging methods are feasible and possible. One of the
limiting factors is the technology. For example, although
MEG is a very high resolution brain imaging technique, it is
not practical to use it when subjects need to move around. In
addition, different techniques and their combinations should
be utilized based on the application that the hybrid BCI is
going to be used for.Themain purpose of combining different
systems to form a “hybrid” BCI is to improve accuracy, reduce
errors, and overcome disadvantages of each conventional BCI
system. Different types of hybrid BCI systems can be defined
according to the types of systems which are combined, how
systems are joined, and what types of inputs are considered.
In non-hybrid BCIs, based on the property of EEG signals
used as the input of BCI system, four major EEG-based BCIs
are considered: SSVEP, P300, SCP, and ERD/ERS.
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Evoked response in EEG signals to repetitive visual stim-
ulations is called SSVEP. In a SSVEP BCI paradigm, specific
frequencies are allocated to the repetitive stimuli. For SSVEP
detection, the frequency spectrum of the EEG is computed.
Around the frequency of the repetition of stimulus in which
the subject focuses, there will be peak on the frequency
spectrum. By detecting this frequency, an intention of the
subject can be detected. This can be translated to a control
signal for a BCI system. There are some issues about SSVEP
BCIs, one is gaze dependence [9, 17]. Another issue is that in
some users, the flickering stimulus is annoying and produces
fatigue. Using higher frequencies for the flickering stimuli
reduces the annoyance, but on the other hand, it is harder to
detect the SSVEP. SSVEP BCIs have some advantages such
as no significant training requirement and high information
transfer rate [6, 18, 19].

In P300-based BCIs, intention of the subjects is measured
using the P300 component of the brain evoked response [20].
After stimulus onset, positive and negative deflections occur
in the EEG. These deflections are called event-related poten-
tial (ERP) components. Depending on the latency of these
deflections, they are grouped as “exogenous components” and
“endogenous components” [10]. The exogenous components
occur until about 150msec after the eliciting stimulus. The
endogenous components have longer latency. The largest
positive deflection that occurs between 250 to 750msec after
the stimulus onset is called “P300”. The P300 component is
themost used ERP component in BCI systems.The paradigm
that elicits P300 is called the “oddball paradigm” [21]. In an
oddball paradigm, events that elicit the P300 fall into two
classes in which one of the classes is less frequent. Inter-
stimulus interval time and the frequency of the oddball stim-
ulus are among the parameters that determine the amplitude
of the P300 component.The first BCI P300-based systemwas
introduced by Farwell and Donchin for spelling characters in
1988 [13].

Slow negative voltage shifts that occur in the EEG re-
corded over sensorimotor cortex, while actual or imagined
movement happens [9] are called SCP. SCP-based BCI con-
sists of series of trials [22]. Early SCP BCIs were especially
slow, since in each trial only one selection was possible and
the time needed for each selectionwas at least 10 sec.The tem-
poral efficiency was improved by Kübler et al. to 4 sec [23].
Shortening the time process further was not possible because
users were uncomfortable with the shortened trial time. Over
the past decade studies about the SCP approach have been
limited because of several SCP BCI problems, which reduce
the applicability of this type of BCI. Among others, SCP BCIs
have three main problems: poor multidimensional control,
high probability of error, and long-term training.

Rhythmic activity of EEG in terms of event-related desyn-
chronization/synchronization (ERD/ERS) has been used as
one of the sources in BCI [1]. Motor imagery is one way
to induce changes in ERD/ERS and has been used in many
BCI systems [24]. Duringmotor imagery ofmovements, ERD
occurs predominantly over the contralateral brainmotor area
and, therefore, can be used as a signal for a BCI system.
ERD/ERS BCIs have been used in different applications such
as achieving two-dimensional cursor control.

2. Hybrid BCI Systems

In recent years, there has been more attention to hybrid BCI
systems. Based on Scopus search engine [25] and keyword
((“Brain-Computer Interface” or “BCI”) and “Hybrid”), the
number of journal papers found before 2010 was only three.
This number was 6 and 10 for 2010 and 2011, respectively.This
shows increased attention to hybrid BCIs in the recent years.

In general, in a hybrid BCI, two systems can be combined
sequentially or simultaneously [26]. In a simultaneous hybrid
BCI, both systems are processed in parallel. Input signals
used in simultaneous hybrid BCIs can be two different brain
signals, one brain signal, or one brain signal and another
input. In sequential hybrid BCIs, the output of one system is
used as the input of the other system.This approach is mostly
usedwhen the first system task is to indicate that the user does
not intend to communicate or as a “brain switch” [26].

3. Review of Different Hybrid BCIs

The combinations of the BCI types and a summary of impor-
tant features of different hybrid BCIs which are discussed and
reviewed in this paper are shown in Table 1.

3.1. SSVEP-Motor Imagery Hybrid BCI. In order to acquire
better understanding about a hybrid based on SSVEP and
motor imagery BCI, short summaries of approaches aremen-
tioned as follows. In [15], the proposed hybrid was evaluated
during the task and was applied under three conditions: ERD
BCI, SSVEPBCI, and ERD-SSVEPBCI. During the ERDBCI
task, two arrows appeared on the screen.When the left arrow
appeared, subjects were instructed to imagine opening and
closing their left hand. For the right arrow, subjects imagined
opening and closing the corresponding hand. In the SSVEP
task, subjects were instructed to gaze at either left (8Hz) or
right (13Hz) LED depending on which cue appeared. In the
hybrid task, when the left arrow was showed, subjects were
imagining the left hand opening and closing while gazing
at the left LED simultaneously. The task was similar for the
right arrow. Results show the average accuracy of 74.8% for
ERD, 76.9% for SSVEP, and 81.0% for hybrid. The number of
illiterate subjects, who achieved less than 70% accuracy [38],
reduced to zero from five using the hybrid approach.

A hybrid SSVEP/ERD BCI was introduced in [16] for
orthosis control application. The SSVEP-based BCI was
utilized for opening the orthosis at the activating stage,
and an ERS-based BCI was used as a switch to deactivate
the LEDs that were mounted on the orthosis for SSVEP
evocation in the resting stage. The SSVEP-based stage entails
four steps for opening and closing the orthosis completely.
Frequencies 8 and 13Hz LEDs were used for the opening and
closing tasks, respectively. During training sessions, subjects
were instructed to close the brain switch. Then, they were
instructed to open and close the orthosis by gazing at the
LEDs mounted on the orthosis. In the next stage, the SSVEP-
based BCI was turned off by opening the brain switch. This
switch was kept open during the resting period. At the end
of the resting period, the brain switch was closed, and SSVEP
task was repeated. After this experiment, subjects undertook
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Table 1: A comparison of several different BCI hybrid systems.

Paper # Hybrid type System organization Improvement Number of subjects Classification

[15] ERD, SSVEP Simultaneous Accuracy significantly improved compared to
ERD and slightly better than SSVEP 14 LDA

[16] ERD, SSVEP Sequential False positive rate was reduced 6 FLDA

[27] ERD, SSVEP Sequential Application of BCI for FES triggering was
improved 3 Filters and

thresholds
[28] ERD, SSVEP Simultaneous Feedbacks were added to the work done in [15] 12 LDA
[29] P300, SSVEP Sequential Improved ITR 10 FLDA and BLDA
[30] P300, SSVEP Sequential New application (smart home) 3 LDA
[31] P300, ERD Sequential Improvement in application (wheelchair control) 2 Frequency analysis
[32] P300, ERD Sequential Expand control functions in virtual environment 4 SVM and FLDA

[33] P300, ERD Simultaneous Increase reliability 4
Fisher’s

discriminant
analysis

[34] ERD, NIRS Simultaneous Improvement in classification accuracy and
performance 14 LDA

[35] EEG, EMG Simultaneous Improvement in performance 12
Frequency analysis

and Gaussian
classifier

[36] ERD, EOG Simultaneous Improvement in classification accuracy, reduction
in number of electrodes and training time 3 Frequency analysis

[37] ERD, EOG Sequential Improvement in performance 7 LDA

the SSVEP-based BCI task alone and the LEDswere flickering
during the resting period. For SSVEP detection, the power
density spectrum was used. For the activity period, the true
positive rate and false positive rate were measured and for
resting period, the false positive rate. It was shown that false
positive rate was reduced bymore than 50%when hybrid BCI
was utilized.

SSVEP and ERD were combined in [27] to make a two-
stage hybrid BCI system for triggering a Functional Electrical
Stimulation (FES) system. In the first stage, SSVEP was
presented for object selection. For evoking SSVEP, three
LEDs with 15, 17 and 19Hz frequencies were considered.
The EEG was acquired from O1, O2, and Oz channels while
considering Cz as a reference. The object selection task
represented three basic grasps: palmar, lateral and precision
grasp. For the analysis, Oz channel was chosen as the SSVEP
activity in this channel was more noticeable compared to
other channels. For SSVEP detection, Butterworth’s band
pass filters were used to separate frequency bands and a
threshold for each subject was fixed manually. After selecting
one of the three grasp options based on SSVEP, the next
task was reaching movement in which ERD-based BCI was
used. EEG signals for this task were recorded from the C3
channel. The Cz channel was used as the reference point.The
signal was filtered utilizing Butterworth’s band pass filters.
The detection algorithm was based on the real-time mu
and beta band-power estimation. The signal was compared
with the manual adjusted threshold and a drop under the
threshold was considered as a movement command. 98.1%
accuracywas achieved in the SSVEP stage. Usingmu and beta
bands, 100% and 98.1% accuracy were achieved, respectively.
This study showed that the presented hybrid BCI can be

considered as one of the appropriate combinations for FES
triggering application.

In general, hybrid BCIs are more complex and depending
on the types of the BCIs, the difficulty may be increased and
user acceptability may be decreased. The user acceptability
can be measured based on a questionnaire from the subjects.
In [28], subjects found the hybrid BCI slightly more diffi-
cult than non-hybrid BCIs. In [28], ERD and SSVEP were
combined for a simultaneous hybrid task. Bipolar channels
C3, Cz, C4, O1, and O2 were utilized for EEG recording.
After training sessions, in the online run for SSVEP task, a
cue pointed to the top LED, which was flickering with 8Hz
and then pointed to the bottom 13Hz LED. Subjects received
a real-time feedback from a rectangular appearing on the
screen. During the ERD task, a cue pointed to the top of
the screen and subjects imagined the opening and closing of
both hands. When the cue pointed to the bottom of screen,
subjects were instructed to imagine moving both feet. In the
hybrid condition, both tasks were done simultaneously. The
data from the training sessions was used for setting up the
LDA classifier. The cross-validation classification accuracy
was calculated for both online and the training sessions. In
the training sessions,mean classification accuracy was 79.9%,
98.1%, and 96.5% for ERD, SSVEP, and hybrid condition,
respectively. The analysis of the online performance showed
that the mean classification accuracy was 76.9%, 94%, and
95.6% for ERD, SSVEP, and hybrid condition. For the same
conditionsmaximum ITRwas 3.2, 6.1, and 6.3 bits permin. In
another analysis, the ERD and SSVEP features were classified
separately in the hybrid BCI which showed that subjects were
not doing only one of the tasks. Based on a questionnaire, two
subjects indicated that hybrid BCI was much more difficult
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and their performance declined compared to the SSVEP
condition. Four subjects indicated that there was not any
difference in difficulty of the hybrid condition compared
to two other conditions and their performance stayed the
same or improved in the hybrid condition. Overall from the
questionnaire, the hybrid condition was moderately more
difficult. Comparing the results of this experience with the
previous one [15], improvement was seen in the ERD results
as the performance of the task had been changed (right
hand versus left hand movement imagination in the previous
study and both hand versus both feet movement imagination
in this study). Other results, such as the lower accuracy
in ERD condition and the higher performance in SSVEP
condition, were consistent. The accuracy in the hybrid BCI
is not significantly different from the SSVEP condition.
By changing the classification or the combinations of the
features, improvement in results may appear. However, the
reliability of the system is improved as the SSVEP BCI is
added to the conventional ERDBCI system. For subjects with
low performance with ERD, or in the case of fatigue, the
SSVEP BCI is appropriate option.

3.2. P300-SSVEP Hybrid BCI. P300 and SSVEP BCI were
introduced as hybrids in an asynchronous BCI system in
[29]. It seems the P300 and SSVEP combination worked
well as the stimuli for evoking both patterns, which can be
shown on one screen simultaneously. The P300 paradigm
considered in this study is a 6 × 6 speller matrix based
on the original P300 row/column paradigm introduced by
Farwell and Donchin [13]. Only one frequency is allocated
for the SSVEP paradigm. The background color was flashed
with a frequency slightly less than 18Hz. The background
color change facilitates the SSVEP detection. During the
classification, P300 and SSVEP signals were separated by a
band pass filter. The SSVEP was utilized as a control state
(CS) detection. When the user was gazing at the screen,
the SSVEP was detected and it was assumed that the user
intended to send a command. The system detected the P300
target selection and CS simultaneously.

For SSVEP detection, the mean power spectral density
(PSD) in the narrow band near the desired frequency and
the PSD in the wider range near the desired frequency were
utilized in an objective function.These valueswere subtracted
from each other and divided over the PSD value from the
wide band and the function valuewas compared to a specified
threshold. During the data acquisition, the channels for
acquiring EEG signals were not fixed for all subjects. For P300
classification, Bayesian linear discriminant analysis (BLDA)
or Fischer’s linear discriminant analysis (FLDA) were utilized
[39, 40]. The experiment was presented as an offline and
online test. Ten subjects participated in the experiment. In
the offline test, forty characters were presented for detection,
which were divided into four groups. For better evaluation,
SSVEP was presented only to two groups out of four groups.
In CS, subjects were instructed to count the number of
times they distinguished the highlighted character. In the
non-control state (NCS), subjects were instructed to do a
mental task like multiplication of two numbers and relax
with closed eyes. For four out of five subjects, the accuracy

was improved insignificantly during the presence of SSVEP
and P300 detection was not determinate. Between the ten
character’s detection, there was a break of a certain time,
which was due to the subject pressing a keyboard button.
When the NCS time was almost finished, an auditory cue
alerted subjects. For P300 an average classification accuracy
of 96.5% and control state detection accuracy of 88%with the
information transfer rate (ITR) of 20 bits/min were achieved
during the offline test. The online test was presented under
a semi synchronous condition. The experiment consisted
of blocks with five rounds, for detecting each character.
SSVEP detection for at least three out of five runs showed
the control state detection by the subject, and P300 was
detected during the control state. If the control state was not
detected, the “=” character would be shown on the screen.
The break time and the auditory alert were the same as the
offline test. An average control state detection accuracy of
88.15%, a classification accuracy of 94.44%, and an ITR of
19.05 bits/min were achieved during the online test.

P300 and SSVEP combination was also introduced to
control smart home environments in [30]. P300-based BCI
was used for controlling the virtual smart home environment
and SSVEP was implemented as a toggle switch for the
P300 BCI operation. Results from this experiment show that
P300 is suitable for discrete control commands and SSVEP
is suitable for continuous control signals. The hybrid BCI
achieved high accuracy and reliability in all subjects.

3.3. P300-Motor ImageryHybrid BCI. Another possible com-
bination for a hybrid BCI is P300 and motor imagery (MI)-
based BCI [31–33]. The basic concept in this type of hybrid
is based on the features of P300 and ERD/ERS in control
applications. P300 is a reliable BCI type for selecting one
item out of several items and can be used for discrete control
commands. On the other hand, due to the low degree of
freedom presented byMI-based BCI, this type of BCI is more
efficient for continuous control commands. These two types
of BCIs can be joined to present more complicated control
commands in one task.

In [31], for controlling a wheelchair in a home environ-
ment, several approaches using different BCI techniques were
introduced. The wheelchair control commands were divided
into three steps.

Step 1 (Destination Selection). In this task, the user should
select the destination of the wheelchair motion by selecting
one of the items among a list of destinations. To implement
this control command, an accurate and reliable interface is
needed and false acceptance rates should be as low as possible.
For this task, a P300 BCI presented at a screen was utilized.
The experiments on healthy subjects showed a response time
of about 20 seconds, the false acceptance rate 2.5% and the
error less than 3%. The results showed that P300 was an
appropriate option for the interface. But there are a couple
of points to be considered: First, all subjects were healthy.
For users with severe disability, the accuracy of the results
may differ. Second, there is concern about the applicability
of the interface, if it is proper for daily use. A more applicable
situation should be considered for evaluating this approach.
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Step 2 (Navigation). An autonomous motion control was
introduced for this step. The destination was selected and
the wheelchair started its motion toward the destination
following virtual guiding paths. A proximity sensor was
considered for stopping the wheelchair facing obstacles.

Step 3 (Stopping Command). For this control command, the
interface needs to be fast, reliable and have a low false
acceptance rate. Two approaches for a stopping command
were presented. The first approach was the fast P300, in
which, on the screen, there is only one item “The Stop” and
the task is the detection of user’s intention. Experimental
results showed reduction in response time. However, increase
in false acceptance makes this approach inapplicable. The
second approach was to use a mu-beta BCI. The position of
a cursor was considered for presenting the visual feedback
for the mu-beta BCI system and the control of the cursor
was based on an armmovement imagination. Results showed
approximately the same response time as the fast P300
approach, but for false acceptance, a rate of zerowas achieved.
Since the low false acceptance rate and fast response are the
most important needs for this type of BCI, it seems that mu-
beta BCI is a more reliable system for this application.

In [32], different states and control commands needed
for operating the system were controlled in a virtual envi-
ronment. P300/MI hybrid BCI was used for operating the
system. Two sequential states covered the areas of the vir-
tual environment, navigation, and device control state. The
interface strategy is explained as follows. For navigation,
MI BCI was used with the continuous control commands
limited number of commands. By imagination of left and
right hand movement, control commands were issued. The
position in the virtual environment was updated by each
control command.

In the device control state, the commands were discrete.
By considering features of control commands and paradigms,
an interface was developed. For this paradigm, the P300
oddball paradigm was considered. When the area coverage
changed to the device control state, the MI command
detection stopped and the controller switched to system
state. The system state then switched to device control state
automatically. The P300 BCI presented the control panel to
subjects. A switch for navigation happened by the selection
of the “quit” command using the P300 oddball paradigm. If
the “quit” was not detected after 6 commands, the controller
would switch to the system state automatically.

Experiments were performed by four subjects. To eval-
uate the hybrid approach, the experiment was also imple-
mented for P300 and MI BCIs separately. 22 testing runs
were considered in three blocks: (1) A block for hybrid
control testing, (2) A block for MI-based navigation, and
(3) A block for P300-based device control. Three tasks with
a combination of navigation and device control commands
were considered for evaluating the hybrid control strategy.
In block presenting MI-based navigation, the tasks were the
same, with the difference that in the device control state areas,
the device control panels were not evoked. In the third block,
navigation was not available and two of the tasks were tested

for P300 BCI evaluation. The online accuracy was used for
comparing different approaches. Comparing the P300 task
in the hybrid BCI and the single P300 BCI showed little
reduction in the accuracy of the hybrid strategy.The accuracy
for two of the subjects reduced in MI part of the hybrid BCI
compared to the single MI BCI. However, by utilizing the
hybrid BCI, more complicated tasks can be accomplished in
a virtual environment.

In [33], P300 and ERDwere introduced to be components
of the hybrid BCI in robotic control decision applications.
Parallel and asynchronous classifications were introduced.
The system task was to detect the intended pattern. Classifi-
cation accuracy was evaluated during the experiment, which
was considered for presenting the hybrid. Sixty trials were
presented to four subjects: thirty trials for P300 presentation
and thirty trials for MI. During the second thirty trials, the
P300 stimuli were also presented but the subjects were not
supposed to pay any attention to the stimuli.

3.4. EEG (MI-Based)-NIRS Hybrid BCI. A type of hybrid
BCI that uses EEG and NIRS [41] was introduced by [34].
Coyle et al. [4] introduced an approach of utilizing NIRS as
an optical BCI. In [34], EEG and NIRS measurements were
utilized simultaneously for ERD-basedBCIs. In this study, the
experiment consisted of 2 blocks of motor execution and 2
blocks of motor imagery. For all blocks, both EEG and NIRS
weremeasured simultaneously.The increase in concentration
of oxygenated hemoglobins (HbO) and decrease in concen-
tration of deoxygenated hemoglobins (HbR) were measured
using NIRS. The global peak cross-validation accuracy for
each subject was considered for evaluation of the hybrid
BCI. The mean classification accuracies of HbO, HbR, and
EEG for executed movement tasks were 71.1%, 73.3%, and
90.8%. For motor imagery tasks they were 71.7%, 65.0%,
and 78.2%. The mean classification accuracies of EEG/HbO,
EEG/HbR, andEEG/HbO/HbR for executedmovement tasks
were 92.6%, 93.2%, and 87.4%, and for motor imagery
tasks were 83.2%, 80.6%, and 83.1%, respectively. It was
shown that the combination of EEG and NIRS improved the
classification accuracy in both MI and executed movement
tasks. However, the information transfer rate may decrease.
This type of hybrid BCI may enhance the performance of
subjects who are not able to use EEG-based BCI properly.

3.5. SSVEP-NIRSHybrid BCI. TheNIRS-based BCI was used
as a brain switch for a SSVEP BCI system [26]. The objective
was to open and close an orthosis. One subject with four runs
performed an experiment. A 60 sec break was considered
between two runs. For starting a command, the optical BCI
was utilized as a switch for SSVEP BCI starting point. By
using a switch, false positives were detected during the first
two runs, but in the third run, the performancewas improved
and only one false positive occurred. In the last run, the
performance was perfect with 100% accuracy.

3.6. EEG-EMG Hybrid BCI. EEG and EMG were fused to
devise a hybrid BCI in [35]. EEG signals were recorded
through 16 channels. EMG activities were recorded from
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four channels over the flexor and extensor of the right and
the left forearms. Two classifiers were used for EEG and
EMG and the probabilities from these classifiers were used
for controlling the BCI feedback. In the first approach of
this experiment, a switch with weights equally balanced
between the two classifiers was implemented between the
input channels as the fusion of EEG and EMG. In the second
approach, the Bayesian fusion method was utilized. Two
conditions were considered for EEG and EMG separately and
four conditions for the fusion of EEG and EMG depending
on the increase of muscular fatigue. The accuracy for EEG
activity alonewas 73%and for EMGactivity alonewas 87%. It
was improved 91% in the hybrid BCI, in the first approach, the
accuracy was 90% for 10% attenuation due to the fatigue, 85%
for 50% attenuation, and 73% for 90% attenuation. Results
had the same trend in the second approach with smaller
standard deviation (SD). The accuracy was 92% for 50%
attenuation, and 60.4% for 90% attenuation. In the third
condition, the accuracy achieved was less than the accuracy
in EEG BCI and this is because of the assumption of fixed
value sources in the Bayesian fusion technique calculations.
Utilizing multimodal fusion techniques led to enhancement
in performance reliability.

3.7. EEG-EOG Hybrid BCI. Since the majority of people
with disabilities can have control on their eye movement,
the electrooculogram (EOG) signals could be an appropriate
option as input signals for BCI system. EEG and EOG
combination was introduced to make a hybrid BCI [36].
In this study, EOG and EEG signals were taken from two
channels and were utilized simultaneously. The technique in
generating control commands based on EEG/EOG hybrid
BCI is explained as follows.

The “turn left” and “turn right” control commands were
derived from EOG signals based on the right/left eye gazing
pattern. Subjects performed maximum right and left eye
gazing, and the positive and negative potential were recorded,
respectively. 75% of the recorded amplitudes were consid-
ered as the threshold for detecting the right and left eye
movements. If the amplitude recorded from the right eye
during the trials was greater than the threshold related to
the right eye, the “turn right” command was detected. For
the “turn left” control command detection, the absolute value
of the negative potential recorded from the left eye should
be greater than the related threshold. If both values were
less than the related threshold values, the “no action” control
command was detected. Classification accuracy of 100% was
achieved for “turn left” and “turn right” control commands.
Average accuracy of 95%was achieved for “no action” control
command. The “forward”, “no action”, and “completely stop”
control commands were detected from EEG. The parameter
used for deriving the control commands from the EEG was
PSD in the alpha and beta band. A threshold was considered
for comparison to the maximum PSD detected from the
alpha and beta band. Three subjects in three trials and 50
control commands in each trial performed experiments. At
the beginning of the test, software calibration was performed
by the subjects. The maximum PSD in alpha band was

recorded from the subjects with closed eyes and 75% of the
PSD from the calibration was considered as threshold. For
the “completely stop” command, the subjects were instructed
to close their eyes to increase the alpha activity. Then, the
maximum PSD in the alpha band was compared to a thresh-
old. If the maximum PSD was greater than the threshold, the
“completely stop” command was issued. For the “forward”
control command, the subjects were instructed to think about
moving forward. If the maximum PSD recorded in the beta
band was greater than the maximum PSD recorded in the
alpha band, the “forward” control was issued.The “no action”
control command was issued if the maximum PSD in the
beta band was less than the maximum PSD in the alpha
band and both were less than the threshold. The average
classification accuracy over the whole trials was 100% for
“completely stop” and 87% for “forward” control commands.
The “no action” control command was common in both EEG
and EOG control command detection parts and the average
classification accuracy of 95% was related to the both parts of
the task.The interface implementation and the feedback were
presented by employing the test on a toy truck. In addition
to high classification accuracy, small number of electrodes
and short training time showed the advantage of introduced
hybrid.

In another approach [37], a self-paced BCI system was
combined with an eye-tracker system to establish a self-
paced hybrid BCI [26]. In this system, for cursor control,
an eye tracker was utilized by detecting the user’s eye gaze.
A BCI was utilized for clicking on a selected item on
computer screen. Subjects were instructed to first gaze at an
intended letter on the screen to select it, then for click on
the selected letter, hand extension movement was needed.
EEG was recorded from the cortex area with 15 electrodes.
For EOG, two pairs of electrodes were used. In addition,
four pairs of electrodes were used for recording facial muscle
activities, from which the facial muscle artefacts can be
detected. PSD of 30 combinations of bipolar EEG channels
was computed based on Fast Fourier Transform (FFT). For
feature selection, stepwise LDA was considered [42]. Then,
the features were classified with LDA and adaptive LDA and
for more improvement moving average.

For removing EOG and EMG artefacts from the EEG
signal, an algorithm was proposed in [43], which showed
improvement in the performance of the introduced self-
paced hybrid BCI [37]. Stationary wavelet transform and an
adaptive threshold mechanism were used in the proposed
algorithm. Results were evaluated based on two types of data;
real EEG signals with simulated artefacts (semi-simulated
EEG signals) and real EEG signals. In semi-simulated EEG
signals, signal distortion was decreased and in real EEG sig-
nals, the true positive rate was increased using the proposed
algorithm.

4. Conclusion

To overcome limitations and disadvantages of conventional
BCIs, different BCI systems or BCI and non-BCI systems can
be combined to form a “hybrid BCI”. In this paper, different
methods of establishing a hybrid BCI system were discussed
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and compared. Hybrid BCIs have been used for different
applications such as 2D control of a cursor, target selection,
and virtual environment.

There are several advantages of sequential combination
when one of the BCIs is used as a switch or different BCIs
are used for different tasks sequentially. When combined
sequentially, complicated tasks can be distributed to several
stages in series. For each stage, a specific BCI can be used. An
example of this approach is a virtual environment application
[30]. Based on the required type of control commands,
different BCI systems can be implemented. In [16], one BCI
(ERD) was used as a switch for another BCI (SSVEP) and the
false positive rate was decreased for this sequential hybrid
BCI. However, the main advantage of the simultaneous
combination is that in general the accuracy can be improved
if the BCIs are combined appropriately for all subjects. With
adaptive pattern recognition algorithms, a hybrid system can
adapt to subjects based on their performance. In addition,
classification methods can use more BCI outputs. Hybrid
BCIs combining different systems simultaneously may be
more complicated than a single BCI and more difficult to
be accepted by all users. Therefore, the paradigm design
of a hybrid BCI plays a very important role in the overall
performance of the system. Similarly, when a BCI system
is combined with a non-BCI, which is not based on EEG
signals, the system performance can be improved. In general,
in a hybrid BCI, the complexity of the system paradigm
is increased compared to a non-hybrid BCI. Therefore, the
use of hybrid systems might be more complicated from the
user’s point of view. Thus, in designing a hybrid system
paradigm, the complexity and user acceptability are impor-
tant performance criteria to be considered carefully. Another
consideration for the user acceptability is the number of
channels used in a hybrid BCI system.

In conclusion, although hybrid BCIs have shown great
improvements in several performance criteria such as accu-
racy and information transfer rate, complexity of the system,
and user acceptability should be reported as important
performance criteria of hybrid BCI systems.With the current
trend in introducing hybrid BCIs, we will soon see more than
two BCI systems combined sequentially or simultaneously.
It is also possible to combined BCIs in a combined sequen-
tially/simultaneously approach. This will create a network
of BCIs which cannot be distinguished as sequential or
simultaneous any more. For example, for tasks with heavy
object selections, SSVEP can be used for one stage and P300
for another stage. After the object selection, ERD/ERS BCI
would be presented for continuous control tasks for other
commands.
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Kleih, and A. Kübler, “P300 brain computer interface: current
challenges and emerging trends,” Frontiers in Neuroengineering,
vol. 5, 2012.

[21] E. Donchin and M. G. Coles, “Is the P300 component a mani-
festation of context updating?” Behavioral and Brain Functions,
vol. 11, pp. 357–374, 1998.

[22] W. Lutzenberger, T. Elbert, B. Rockstroh, and N. Birbaumer,
“The effects of self-regulation of slow control potentials on
performance in a signal detection task,” International Journal of
Neuroscience, vol. 9, no. 3, pp. 175–183, 1979.
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Mental task onset detection from the continuous electroencephalogram (EEG) in real time is a critical issue in self-paced brain
computer interface (BCI) design. The paper shows that self-paced BCI performance can be significantly improved by combining
a range of simple techniques including (1) constant-Q filters with varying bandwidth size depending on the center frequency,
instead of constant bandwidth filters for frequency decomposition of the EEG signal in the 6 to 36 Hz band; (2) subject-
specific postprocessing parameter optimization consisting of dwell time and threshold, and (3) debiasing before postprocessing by
readjusting the classification output based on the current and previous brain states, to reduce the number of false detections. This
debiasing block is shown to be optimal when activated only in special cases which are predetermined during the training phase.
Analysis of the data recorded from seven subjects executing foot movement shows a statistically significant 10% (P < 0.05) average
improvement in true positive rate (TPR) and a 1% reduction in false positive rate (FPR) detections compared with previous work
on the same data.

1. Introduction

Brain-computer interface (BCI) is an alternative communi-
cation and enabling technology which offers the potential
to provide a nonmuscular path for physically impaired
individuals to convey messages and commands to the exter-
nal world [1]. Various applications of BCI for able-bodied
individuals have also been investigated [2–4]. Depending on
the mode of operation, BCI systems are categorized into
two main classes: synchronous (system paced or cue paced)
and asynchronous (self-paced). In a synchronous BCI, the
earliest type of BCI, the analysis, classification, and output
activation of the system are carried out during predefined
time intervals controlled by the machine/computer using
cues; that is, the onset of the mental activity is known in
advance. This mode of interaction is not natural for most
typical applications since the system dictates when the user
can control the application and must be switched off when
the user does not wish to use the system so that control cues
are stopped. In contrast, asynchronous or self-paced systems

are more natural for real-life applications since self-paced
BCIs allow the user to control the system when desired. These
systems have two operational states: intentional control (IC)
and no control (NC) [5]. During the IC state the user
controls and activates the BCI by intentionally varying their
brain signals. NC is the period the user is free to perform
any action such as watching TV, reading, relaxing, and eating
unless activating the BCI. Continuous classification of the
EEG signal is required to reveal the onset of IC or mental
activity. The ultimate goal of a self-paced system is detecting
the IC states and activating the system in these periods while
staying completely inactive during NC periods therefore the
percentage of true output activation during IC states, true
positive rates (TPR), and false activation during NC states,
false positive rates (FPR), determines the self-paced BCI
system performance.

One of the most common mental strategies for BCIs is
motor imagery because its features are well-defined physi-
ologically. Movement-related potential (MRP) is a response
in the EEG signal as a result of particular limb movement
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which lies in the frequency band below 4 Hz and starts about
1.5–1 sec before the movement onset [6]. In addition, due
to the movement or imagination of the movement, EEG
signal energy in specific frequency bands and also in specific
regions of brain fluctuates producing an event-related desyn-
chronization (ERD) before and during movement and event-
related synchronization (ERS) in the beta frequency band
after termination of the movement [7]. As ERD/S features are
observable in both real and imaginary movement [8, 9] and
also more accurate labeling of the EEG signal is possible for
real movement asynchronous experiments, real movement
data are used for testing new machine learning algorithms
in most of the self-paced BCIs [5, 10–19].

Detection of only one movement from the ongoing EEG
signal has been considered in self-paced BCI configurations
by different BCI groups [5, 10–19]. BCIs capable of detecting
only one brain pattern from the continuous EEG signal are
referred to as a brain switch and are suitable for controlling
different applications.

The first self-paced BCI system, referred to as Low-
Frequency-Asynchronous Switch Design (LF-ASD), was pro-
posed in [5] by Mason and Birch and was designed to
detect the MRPs in the EEG signal recorded during right
index finger movement. A wavelet-like function was applied
to extract the features, and a 1-nearest neighbor (1-NN)
classifier was used to distinguish the IC and NC classes/states.
Several changes such as adding the energy normalization
transform in the feature extraction block [10], adding a
moving average and debounce window in a postprocessing
block for decreasing the FPR [11], subject customization of
the feature generator’s parameter [12], and incorporating the
knowledge of the past paths of features into the system [13]
have been applied for improving the performance of the LF-
ASD.

In the last design of this switch, Fatourechi et al. [14]
proposed an improved version of the LF-ASD by extracting
features from three neurological phenomena: movement-
related potentials, changes in the power of Mu rhythms, and
changes in the power of Beta rhythms to detect the IC states.
A stationary wavelet transform followed by matched filtering
was applied as a feature extraction method. A set of SVM
classifiers were used for each neurological phenomenon clas-
sification from the idle state. Although the offline reported
results of this paper show significant improvement in LF-
ASD performance, the EEG signals are not continuously
classified in this research. Another drawback of this design
is that the NC periods were recorded in a special situation
where the subject was asked to count the number of times
that a white ball bounced off the screen [14].

In [15] movement onset detection from 64 EEG channels
recorded during right-hand movement was investigated.
Using the power spectral density estimated by the Thomson
Multiplier Method for narrow-band spectral analysis of each
EEG channel and Davis Bouldin Index, the best features were
extracted and selected. A naı̈ve Bayes classifier was applied
to classify each sample to detect the movement onset. In
another work of this group [16], the first fully unsupervised
system for self-paced BCIs was suggested. An unsupervised

classification method based on Gaussian Mixture Model
(GMM) was applied.

In [17] Qian et al. developed a novel paradigm for a
motor-imagery-based brain-controlled switch that was inter-
active in the sense that the users performed repeated attempts
until the switch was turned on. The beta band event-
related frequency power from a single EEG Laplacian chan-
nel, recorded during the motor imagery of finger movement,
was monitored online. When the relative ERD power level
exceeded a predetermined threshold the switch was turned
on.

Another brain switch designed in [18] proved the suit-
ability of one single Laplacian derivation for detecting foot
movement in ongoing EEG. Twenty-nine band pass filters
with 2 Hz bandwidth from 6 to 36 Hz with 1 Hz overlap were
applied for extracting the band power values of the EEG
signal. Two distinct SVM classifiers were used to detect ERD
and ERS patterns separately. In the postprocessing block a
fixed dwell time and fixed refractory period for all 7 subjects
were used to reduce the false detections of the brain switch.
Using receiver operating characteristic (ROC) for balancing
TP and FP, each SVM classification performance and a
combination of the SVM outputs with a product rule were
reported. The results demonstrate that the ERS patterns are
more successful in detecting the onset of the foot movement
in ongoing EEG signal. The result of [19] also proves that
ERS phenomena are suitable for realizing a brain switch
due to some features such as its subject-specific stability,
specificity, and somatotopic organization. According to the
above characteristic of ERS, in this paper we only consider
ERS as a neurological phenomenon for discriminating foot
movement onset from the idle state.

In this paper we improve the onset detection perfor-
mance of a brain switch designed in [18]. For frequency
decomposition of the EEG signal we apply constant-Q filters
instead of constant bandwidth filters in self-paced BCI
systems. Constant-Q frequency decomposition has previ-
ously shown to produce better classification accuracies in
determining right- and left-motor imagery in synchronous
motor-imagery-based BCI systems [20, 21]. We show that
these filters significantly improve the performance of the
brain switch and reveal the ERS features in the ongoing EEG
signal much better than constant bandwidth filters.

Another innovation proposed in this paper is selecting
the optimum postprocessing parameters such as dwell time
and threshold for each subject and each combination of
train/test runs. Most of the research in self-paced system
design has a special postprocessing block for decreasing the
FPR. Event-by-event analysis of self-paced BCI systems has
been proposed in [22] and for its modification “threshold”,
“dwell time”, and “refractory period” also introduced. In
most of the self-paced systems [18, 19] “dwell time” and
“refractory period” are fixed for all the subjects, and they
report the best results achieved in the test phase by changing
the threshold but for online application; all the parameters
should be available from the training phase. Therefore a
fixed threshold should be selected from the training data of
each subject. In this paper “dwell time” and “threshold” are
selected in the training phase, and refractory period is fixed
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for all the subjects. We observed that sometimes the selected
threshold and dwell times are very low for the test phase
classification output and in this situation the false positive
rates increase. Therefore we apply a debiasing block before
postprocessing which decreases the FPR by readjusting the
classification output based on the current and previous brain
states. This block is activated just in special cases which are
determined from the training phase because in some cases
adding debiasing results in decreasing TPR.

The remainder of the paper is organized as follows.
Section 2 outlines data acquisition and the methodology
of feature extraction, classification, performance evaluation,
and postprocessing parameter selection. Results of using
constant-Q filters and optimum postprocessing parameters
in the brain switch performance are illustrated and discussed
in Section 3; finally conclusions are presented in Section 4.

2. Methods

2.1. Data Description. Our analysis is performed on the data
provided by the laboratory of Brain Computer Interface
(BCI-Lab), Graz University of technology [18]. Data was
acquired from 7 subjects during the execution of a cue-based
foot movement. Each subject performed 3 runs with 30 trials
on the same day. At the beginning of the trial (t = 0)
a “+” was presented; then at t = 2 the presentation of
an arrow pointing downwards cues the subject to perform
a brisk foot movement of both feet for about 1-second
duration. The cross and cue disappear at t = 3.25 s and
at t = 6 s, respectively. At t = 7.5 the trials end. In
between trials, a wait period of maximum 1 second occurs
(Figure 1(a)). The recording was made using a g.tec amplifier
and Ag/AgCl electrodes. The sampling frequency was 250 Hz.
Sixteen monopolar EEG channels covering sensorimotor
areas were measured. From these data, one small Laplacian
derivation [23] over electrode position Cz was computed
using orthogonal neighbor electrodes (Figure 1(b)). The
surface Laplacian is approximated as follows:

V
Lap
Cz = VCz − 1

4

∑

k∈Sj
Vk, (1)

where VCz is the scalp potential EEG of the Cz channel and
Sj is a set of four orthogonal neighbor electrodes.

2.2. Feature Extraction. Finding a suitable representative of
data which makes the classification or detection of brain
patterns easier is the goal of feature extraction. We select an
appropriate feature for extracting ERS as a stable and more
detectable movement-related pattern from spontaneous EEG
signals. The energy increase in specific frequency bands as
a result of correlated deactivation of neural networks in
specific cortical areas of the brain is referred to as event-
related synchronization (ERS). Band power which reveals
the energy or power fluctuations of the signal in specific
frequency bands is employed in this paper. Since band power
features have low-computational requirements, they have
been used widely in fast online BCI signal processing in self-
paced applications [24–26].

Cross
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Figure 1: Paradigm and electrodes positions. (a) Foot movement
timing scheme of each trial, (b) electrodes position (Cz as a
Laplacian derivation).

2.2.1. Frequency Decomposition. Frequency decomposition
of a signal is done using constant bandwidth or constant-
Q (Q is the quality factor) filters. In constant-Q frequency
decomposition, the ratio of center frequency to bandwidth
for all the filters is the same and equal to Q. In other words,
for low frequencies the frequency resolution is better while
for high frequencies the time resolution is better. After select-
ing center frequencies, for different amounts of Q, the band-
width of each filter is calculated as

Bw = fc
Q

, (2)

where Bw is the filter’s bandwidth, fc is the center frequency,
and Q is the quality factor of the filter. Different values of
Q result in various frequency decompositions of the signal.
If Q is selected to be small, the bandwidth of the filters
is large. The wideband signal components might be more
contaminated with substantial noise in the EEG signal.

For large Q, the bandwidth of the filters is small. In
this situation the percentage of overlap of neighboring fre-
quency bands decreases and therefore cannot provide a
proper redundancy of signals. In this paper for two different
Q ratios (Q = 2 & Q = 3) we constructed two sets of fifth-
order Butterworth bandpass filters with center frequencies
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at 6, 6.9, 7.8, 9, 10.2, 11.7, 13.4, 15.3, 17.5, 20.0, 22.8,
26.1, 29.8, and 33.5 Hz as suggested in [21] and cover the
total range from 6 to 36 Hz. The frequency responses of
these filters with Q = 2 are illustrated in Figure 2. It is
obvious that the filter banks with constant Q may increase
the redundancy of information in the feature set. The reasons
behind the vast frequency band selection from 6 to 36 Hz are
as follows: firstly the significant frequency characteristics of
motor-related patterns are in beta (13–30 Hz) and mu (8–
12 Hz) rhythm components [27] and secondly the optimal
frequency bands of ERS vary among subjects. The ERD/S
time-frequency maps of all subjects in Figure 3 show the
differences between each subjects’ optimum ERS frequency
bands. For each subject, ERD/S map using constant-
bandwidth filters and constant-Q filters is plotted. Figure 3
has been plotted using the ERDS map toolbox of Biosig
[28].

2.2.2. Band Power. During offline analysis, 28 logarithmic
band power features were extracted from time segments of
1 s length to give a comprehensive spectral description of
the EEG signals from 6 Hz to 36 Hz. Each segment has 250
samples with an overlap of 125 samples between adjacent
segments. The logarithmic band power features were com-
puted with two sets of constant-Q filters (Section 2.2.1). Each
time segment of 1-second length was digitally band pass
filtered, squared and averaged over all samples within the
time segment and transformed with logarithm.

2.3. EEG Data Labeling. The continuous EEG data is cate-
gorized into two classes: baseline and movement. According
to the results of [18, 19] the ERS occurring after the end
of the motor task is the dominant feature for realizing an
asynchronous brain switch. Therefore all the samples were
labeled for the classification of ERS against all other brain
activities. According to the ERD/S map of the subjects,
(Figure 3) the ERS happens mostly in t = 4-5 seconds in each
trial. Therefore the samples in t = 4-5 s of each are labeled as
movement class or (class 1), and the rest of the samples are
labeled as baseline or (class 0). The data labeling is the same
as [18].

2.4. Classification. Support vector machines (SVMs) are
supervised learning methods that classify the data by con-
structing an N-dimensional hyper-plane for a given feature
set. Several advantages of SVM are as follows: it has a good
generalization property as a result of selecting the hyper-
plane which maximizes the margins, SVM is less prone to
overtraining, and it is also insensitive to the curse-of-dimen-
sionality.

The Gaussian-kernel-based SVM classifier has been used
in self-paced BCI research successfully [14, 18, 19, 29]. The
SVM performance depends on the regularization parameter
C and the Gaussian kernel bandwidth σ . These parameters
should be properly selected in the training phase. The goal is
to identify C, σ using training data so that the classifier can
accurately classify testing data. We use the libsvm software
[30] for implementing the SVM since this software provides
the posterior class probabilities in the output.
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Figure 2: Frequency responses of constant-Q filters (Q = 2), 14
center frequencies are between 6 to 36 Hz.

2.4.1. SVM Parameter Selection and Training. For each
subject there are 3 runs each consisting of 30 trials. The
patterns from 2 runs out of 3 runs are used as training data.
For generalization purposes we will report the mean results
of three different combinations of train and test runs for
each subject. In each combination there are 60 training trials
of two runs available for selecting the parameters of SVM.
We use a “grid-search” on C and σ with a 10-fold cross-
validation. C and σ are varied from 2−8 to 21 while for each
step the values of parameters are doubled. Various pairs of C,
σ are tried and the ones with the highest sample by sample
true-positive rate and lowest false-positive rate are selected.
In order to combine both conditions into a single measure we
calculate the Youden index [31] TF for each pair as follows:

TF = TPR− FPR. (3)

The best C and σ , the pair which maximizes TF, and the
whole training set (two runs) are used to train a final SVM
[18].

2.4.2. Testing. The remaining run is used for testing the
trained SVM. In order to simulate an online asynchronous
system, we continuously compute logarithmic band power
features applying a 1-second moving window at the rate
of the sampling interval. The SVM classifier calculates
the posterior class probability for patterns of the test run
(Figure 4).

2.5. Performance Evaluation. Performance measurement of
the online self-paced paradigm is carried out in an event-by-
event manner while in the training phase TPR and FPR were
measured on the basis of sample by sample analysis. Before
event-by-event analysis, the event class posterior probability
of classifier was postprocessed using threshold, dwell time,
and refractory period [22]. Dwell time is the amount of
time that the output signal of the classifier must exceed the
threshold to be considered as a control event. When one
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control event is detected, the output signal will be ignored
during a refractory period. If the control event is detected
in the intentional control (IC) periods of each, it is regarded
as a true positive, but any detection out of the IC period is
a false positive. For evaluation the time interval from t = 3
to 5.5 seconds of each is considered as the IC period. This
interval is the same for all the subjects. The refractory period
is also fixed for all the subjects and is equal to 750 samples
or 3 seconds. The refractory period limits the number of
detections of the brain switch and that longer values reduce
the number of false activations at expense of lowering the
bit rate. The event-by-event TPR and FPR are computed as
follows [18]:

TPR = TP
NTP

,

FPR = FP
NFP

,

NFP = total number of samples in test run
dwell time + Refractory period

,

(4)

where TP and FP are the number of true positive and false
positive detections, respectively. NTP is the number of IC
periods. Since only one detection is allowed in the brain
switch design, for this dataset NTP = 30 (30 trials in test run).
Figure 5 shows the onset detection of the brain switch during
5 trials of the test run. Determining the threshold and dwell
time for each subject and each combination of runs plays a
very important role in the final performance of the system in
terms of detecting the movement onset.

2.6. Postprocessing

2.6.1. Optimum Threshold and Dwell Time Selection. For
simulating the online asynchronous system, all the param-
eters should be tuned in the training phase. Selection of the
threshold and dwell time has a significant effect on the final
performance of the system. Therefore in the training phase
after selecting the best C and σ , we trained the SVM using the
logarithmic band power features of one of the training runs.
The log band power of another training run extracted in a
1s moving window was continuously classified by the trained
SVM. In this stage, for different values of threshold (varied
from 0.1 to 0.5 in steps of 0.01) and dwell time (varied from
30 to 70 samples in step of 5 samples) the event-by-event TPR
and FPR were calculated.

The best threshold value in each dwell time corresponds
to the point of the ROC curve (TPR versus FPR) closest to
line y = 1 − x where the FPR is taken to be horizontal (x-
axis) and the TPR is vertical (y-axis). Analysis of a set of ROC
curves leads to optimal value selection.

2.6.2. Debiasing. The event class posterior probability used
for classification has DC offset which increases the number
of false positive detections. In order to decrease the number
of false detections in the test phase, each classifier output
sample can be debiased using the average of the previous
classifier outputs in a window with about 20 seconds size.
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Figure 5: (a) IC intervals or true labels of the signal during 5 trials,
(b) the posterior probability of movement class and its threshold,
(c) predicted labels, and (d) detected onsets after postprocessing
using dwell and refractory periods.

The following equation is used for debiasing the classifier
output at time instant t [32]:

Ct = yt −
∑i=t

i=t−τ yi
τ

, (5)

where yt is the classifier output at time instant t, Ct is the
zero mean output, and τ is the number of previous classifier
outputs used for averaging. In a case of 20 seconds window
size, τ = 250× 20 = 5000 samples [32].

2.6.3. Automatic Activation of Debiasing Block. Figure 6(a)
shows an example of decreasing the number of FPs using
the debiasing block. However, in some cases (Figure 6(b))
debiasing might lead to a decrease in true positive rate.
Since the overall mean of the classifier output signal may
decrease as a result of debiasing, it is probable that the best
threshold selected in the training phase would be high; that
is, after debiasing a threshold which is too high it results in
low FP but also low TP which is not desirable. Therefore
in the training phase we can perform analysis to determine
whether the debiasing is required or not for final evaluation.
In the training phase for the best threshold and dwell time
selection, only half of the trials of the second run are used
for determining the optimum postprocessing parameter. The
other half of the trials is used for checking the necessity
to use the debiasing block in final test session. Using the
optimum threshold value and dwell time, TF = TPR − FPR
(event-by-event analysis) is calculated for two situations:
with debiasing and without debiasing. The higher TF value
determines whether to apply the debiasing in test phase.

3. Results and Discussion

The results of onset detection are summarized in Tables 1–
4. In all the tables for each subject TPR and FPR values
are reported in the form of mean ± standard deviation. As
explained for each subject, 3 different combinations of train/
test runs are possible. The average of TPR and FPR values of
all 3 combinations for each subject is presented in the tables.
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Table 1: Individual performance using constant-Q filters and constant bandwidth filters for different dwell times (threshold = 0.5).

Subj. ID
Constant-Q filters Constant Bandwidth filters

Dwell = 30 Dwell = 40 Dwell = 60 Dwell = 30 Dwell = 40 Dwell = 60

TPR FPR TPR FPR TPR FPR TPR FPR TPR FPR TPR FPR

S1 94± 10 4± 5 94± 7 4± 4 96± 2 3± 3 88± 7 7± 3 89± 8 3± 4 85± 8 4± 4

S2 76± 4 17± 7 70± 3 16± 6 60± 5 6± 2 53± 9 10± 3 35± 8 9± 5 25± 7 6± 3

S3 99± 2 7± 2 99± 2 4± 1 93± 12 3± 1 93± 6 5± 4 94± 7 3± 3 92± 8 2± 2

S4 95± 5 6± 4 93± 4 6± 4 93± 4 4± 3 82± 7 8± 2 75± 6 7± 1 70± 15 4± 1

S5 69± 8 8± 3 65± 5 6± 3 51± 7 4± 4 43± 15 4± 1 36± 10 2± 3 31± 12 2± 3

S6 90± 4 12± 5 87± 6 10± 3 83± 6 6± 2 61± 10 10± 1 49± 9 7± 4 39± 5 5± 3

S7 81± 12 11± 8 79± 10 8± 6 77± 12 5± 2 65± 10 9± 6 54± 14 6± 4 42± 21 6± 3

Average 86± 7 9± 5 84± 6 8± 4 79± 8 4± 3 69± 10 8± 3 62± 9 5± 4 55± 12 4± 3

Table 2: Individual performance while the dwell time and threshold are automatically selected in training phase, the selected values also are
written for each subject in 3 different combinations of runs. Run no. n shows the test run number.

Subjects ID TPR (mean ± SD) FPR (mean ± SD)
Dwell time Threshold

Run no. 1 Run no. 2 Run no. 3 Run no. 1 Run no. 2 Run no. 3

S1 95± 4 3± 3 70 50 60 0.55 0.56 0.29

S2 75± 7 24± 16 30 35 30 0.37 0.5 0.27

S3 99± 2 3± 3 50 50 40 0.36 0.5 0.15

S4 90± 7 6± 3 70 30 55 0.44 0.43 0.31

S5 70± 12 23± 17 50 30 30 0.38 0.4 0.25

S6 76± 7 5± 2 55 70 70 0.48 0.5 0.5

S7 75± 11 9± 9 55 70 40 0.5 0.5 0.41

Average 83± 6 10± 3

Table 3: Individual performance with optimum threshold value,
dwell time, and automatic activation of debiasing.

Subjects ID TPR (mean ± SD) FPR (mean ± SD)

S1 94± 2 3± 4

S2 61± 2 9± 2

S3 99± 2 2± 2

S4 89± 5 6± 4

S5 66± 12 7± 6

S6 76± 7 5± 2

S7 76± 10 6± 4

Average 80± 7 5± 4

In order to show the effect of using constant-Q filters in
improving the performance of the Brain switch, in Table 1
we illustrate the results of applying a set of fifth-order Butter-
worth filters with constant bandwidth (2 Hz bandwidth and
1 Hz overlap between 6 to 36 Hz) in one column and with
constant-Q (Q = 2 and Q = 3 and 14 center frequencies
from 6 to 36 Hz) in another column. The intentional control
is 3–5.5 seconds for evaluation, the threshold is 0.5, and the
refractory period is equal to 750 samples. For the dwell times
equal to 30, 40, and 60 samples, the results are reported in
three subcolumns for each type of filter to show the changes
of the performance in different dwell times.

According to the results of Table 1 the average TPR
achieved by applying constant-Q filter is significantly better
than the constant bandwidth approach. In a two-sided non-
parametric statistical test, the Wilcoxon signed rank test [33,
34] was used that the improvement is statistically significant
(P < 0.05).

These results confirm that constant-Q filters are more
capable of extracting ERS features from the ongoing EEG
signal compared with constant bandwidth filters. The results
of constant-Q filtering prove our prediction according to the
ERD/S map (Figure 3) using constant-Q filters. According
to these maps for all subjects denser ERS is present using
constant-Q filters in contrast to a sparse ERS using constant
bandwidth filters. One of the nice features of the constant
Q filter is its increasing time resolution towards higher
frequencies and increasing frequency resolution in lower
frequencies which contributes to define more precisely the
movement onsets in EEG signal. This characteristic decreases
the nonstationary effects of the EEG signal and results in
performance improvement specially for some of the subjects
which suffers more from nonstationarity. Moreover, the filter
banks with constant Q may increase the redundancy of
information in the feature set therefore when the subject-
specific frequency bands are not applied, the classifier per-
formance can be improved. The results in the remaining
tables are therefore reported with constant-Q filters. For
different dwell times we report the results to show the effect
of choosing optimum dwell time in the final performance of
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Table 4: Comparison of the results of this paper and results presented in [18].

Subjects ID
Constant-Q filter + dwell time selection Results of paper [18]

TPR (mean ± SD) FPR (mean ± SD) TPR (mean ± SD) FPR (mean ± SD)

S1 98± 4 3± 3 97± 5 3± 2
S2 61± 2 8± 1 61± 10 7± 2
S3 100± 0 3± 2 94± 5 4± 4
S4 96± 2 6± 2 83± 12 4± 3
S5 65± 9 7± 2 54± 14 7± 2
S6 91± 10 6± 3 79± 12 8± 1
S7 83± 9 5± 2 52± 20 6± 2

Average 85± 6 5± 2 74± 21 6± 3
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Figure 6: An example of comparison between biased and debiased
classification output in detecting the onset of the movement: (1) IC
intervals, (2) dashed line: biased classification output and straight
line: debiased output. (3) Detected onsets using debiased output
and (4) detected onsets using biased output. ((a) the case that
debiasing improves the performance by decreasing FP detections,
(b) the case that debiasing decreases the TPR).

each subject. In Table 1 the threshold value is also fixed for all
subjects. Adjusting the threshold also can improve the results
of the classification significantly. Increasing and decreasing
the dwell time and threshold value selection can impact the
result considerably; therefore for designing a brain switch
suitable for online applications, it is recommended that these
values are determined in the training phase properly.

Table 2 shows the results of the brain switch where
threshold and dwell time are selected automatically in the
training phase as suggested. This automatic selection is done
since we cannot select the proper value for these parameters
randomly. The mean value of the TPR is satisfactory, but
the FPR value of three subjects S2, S5, and S7 are high.
The high value of FPR for these subjects shows that the best
dwell time and threshold selected using the training data are
not necessarily the best ones for the test data because EEG
signal is nonstationary. In order to decrease false positive
detections the debiasing block can be added to the output of
the classifier. As explained in Section 2.6.2, this block is not
activated always. The posterior probability of the classifier
will be debiased if its effectiveness has been confirmed in
the training phase. The results of automatic applying the
debiasing block in the output of the classifier are illustrated
in Table 3. Although the mean value of TPR has decreased
for some subjects the problem of a high number of false
detections has been solved using this block. Therefore the
automatic selection of the dwell time and threshold value
along with automatic activation of the debiasing block results
in acceptable performance since the FPR is less than 10%
for all the subjects. Although it seems some of the columns
of Table 1 (dwell = 60) also result in the same performance,
selecting that specific dwell time and threshold which lead
to acceptable performance cannot be done randomly, and in
some cases random selection of these parameters (dwell = 30
and 40) might result in the high FPR value (FPR > 10%).

In order to prove our claim of improving the perfor-
mance of the brain switch designed in [18] we compare the
results of our method and the reported results of [18] in
Table 4. The results of [18] were reported after ROC curve
analysis in the test phase. The maximum TPR associated to
a FPR < 0.1 had been selected for each combination of runs
for each subject. The left side of the Table 4 shows our results
calculated after ROC analysis in the test phase while the best
dwell time has been selected in the training phase. The right
side of Table 4 is the reported results of ERS classification
[18]. Comparing the mean TPR and FPR results of the right
and left columns, the performance improvement of the brain
switch provided by the proposed adjustments is clear. A two-
sided nonparametric statistical hypothesis test, Wilcoxon
signed rank [33, 34], between the accuracies obtained by
the proposed method and those reported in [18], shows a
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significant improvements in the TPR (P < 0.03), while the
FPR decrease is not statistically significant (P = 1).

The differences between the results reported in the
Table 4 (left column) and Table 3 originate from threshold
value. In Table 3 the results are calculated in only one thresh-
old value selected in the training phase, while the results
illustrated in the Table 4 are selected between various results
calculated for different threshold values in the test phase with
the same criteria of [18] (maximum TPR associated with
FPR < 0.1).

In the following we briefly count the differences between
the brain switch designed in this paper and in [18] which
leads to performance improvement: (1) applying constant-
Q filters instead of filters with equal bandwidth provides
more separable features between event class and nonevent
class. (2) Increasing the refractory period from 2 seconds
(500 samples) to 3 seconds (750 samples) has a positive
effect on the final performance. Since the summation of
the refractory period and dwell time is less than the time
duration between two consecutive events, increasing the
refractory period does not cause any problem. (3) Automatic
threshold value and dwell time selection using training data
prepare the system for online application. For the cases with
low selected threshold value and short optimum dwell time,
debiasing plays an important role in decreasing the number
of false detections. Its automatic activation using the training
results prevents losing the high true positive rates in the cases
of some subjects.

4. Conclusion

The results of this paper illustrate that using constant-Q
filters without any optimization of frequency bands for each
subject resulted in more separable features of event and
nonevent class samples. The automatic selection of dwell
time and threshold values in the training session makes
the brain switch suitable for online applications. Adding a
debiasing block to the classification output signal only in
special cases which are predetermined during the training
phase also resulted in a more accurate brain switch. Overall,
the study shows that combining a range of simple techniques
including constant-Q filters, optimum threshold values,
optimum dwell time, and automatic activation of a debiasing
block improves detection of foot movement in ongoing EEG.
Although previous studies have investigated these processes
individually, this study provides new evidence to suggest
that combining these various techniques can improve self-
paced BCI performance. With the proposed combination
of methods, no adjustment or collaboration (e.g., threshold
setting) is required during the test phase, whereas many other
studies require a number of parameters to be adjusted to
account for nonstationary changes.
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Introduction. Sensorimotor cortex is activated similarly during motor execution and motor imagery. The study of functional con-
nectivity networks (FCNs) aims at successfully modeling the dynamics of information flow between cortical areas. Materials and
Methods. Seven healthy subjects performed 4 motor tasks (real foot, imaginary foot, real hand, and imaginary hand movements),
while electroencephalography was recorded over the sensorimotor cortex. Event-Related Desynchronization/Synchronization
(ERD/ERS) of the mu-rhythm was used to evaluate MI performance. Source detection and FCNs were studied with eConnectome.
Results and Discussion. Four subjects produced similar ERD/ERS patterns between motor execution and imagery during both
hand and foot tasks, 2 subjects only during hand tasks, and 1 subject only during foot tasks. All subjects showed the expected
brain activation in well-performed MI tasks, facilitating cortical source estimation. Preliminary functional connectivity analysis
shows formation of networks on the sensorimotor cortex during motor imagery and execution. Conclusions. Cortex activation
maps depict sensorimotor cortex activation, while similar functional connectivity networks are formed in the sensorimotor cortex
both during actual and imaginary movements. eConnectome is demonstrated as an effective tool for the study of cortex activation
and FCN. The implementation of FCN in motor imagery could induce promising advancements in Brain Computer Interfaces.

1. Introduction

Motor imagery (MI) is described as the concept of imagining
a motor task without resulting in physical execution. It is the
visualization and rehearsal of an imaginary movement [1]
as opposed to the actual practice of the movement, which is
described by the term Motor Execution (ME). This concept is
widely applied in the development of Brain Computer Inter-
faces (BCIs). BCIs are systems that translate human volition
to control of external devices and exploit a person’s will to
move or to communicate, regardless if that person is able
to actually perform such a task due to severe impairments
(such as spinal cord injury (SCI), stroke, or amyotrophic
lateral sclerosis (ALS)) [2]. Cortical activation during motor

imagery can be recorded with a variety of methods, including
functional Magnetic Resonance Imaging (fMRI), which has
the optimal spatial accuracy [3], and electroencephalography
(EEG), which provides excellent temporal accuracy (on the
order of milliseconds) [2]. EEG in particular has been
extensively applied, as it is an inexpensive, widely available,
and relatively simple method that can be applied to real-life
scenarios [2].

The brainwaves can be extracted by the EEG easily and
in real time and play a crucial role in BCI applications.
The mu-rhythm has been identified as an EEG feature
that corresponds to movement volition and is usually
examined in motor imagery studies [4]. Its physiological
role is not yet clearly defined, though it is associated with



2 Advances in Human-Computer Interaction

the inhibition of the movement [5]. The amplitude of
the mu-rhythm typically decreases when the corresponding
motor areas are activated and is most accurately recorded
over the primary sensorimotor cortex [5]. Its exact range
is not firmly defined, but it generally overlaps with the
alpha rhythm (8–12 Hz) [6] and possibly with a part
of the lower beta band [4]. Mu-rhythm (also known as
sensorimotor rhythm (SMR)) is commonly studied using
Event-Related Desynchronization/Synchronization analysis
(ERD/ERS), where ERD usually denotes the activation of
cortical areas, while ERS denotes a decrease in excitability
and information processing [7].

BCIs continue to develop over the past five years be-
coming more user friendly, accurate, and efficient [8],
while they still carry certain drawbacks that need to be
addressed [9]. However, ERD/ERS of the EEG mu-rhythm
provides spatially static neuroelectric information of brain
regions that are activated during tasks. ERD/ERS analysis
does not convey the information of how these regions
communicate with each other [10]. Brain activity is dis-
tributed spatiotemporally, and brain functional networks
are formed through this distribution. The behavior of such
networks provides important physiological information for
understanding brain functions and dysfunctions [11]. The
relatively new concept of brain functional connectivity [11]
promises to play a key role in neurosciences, allowing
researchers to study the organized behavior of brain regions
beyond the standard cortical source estimation, mapping,
and localization of activity [12]. The estimation of func-
tional cortical connectivity aims at describing the interac-
tions between differently organized and specialized cortical
regions as patterns depicting dynamics of information flow
between those regions [10].

A conceptual definition of functional connectivity is
stated as a “temporal correlation between spatially remote
neurophysiological events” [10, 13]. Several approaches have
been proposed for the estimation of this correlation, known
as connectivity metrics. Latest approaches, such as the
Directed Transfer Function (DTF) and the Adaptive Directed
Transfer Function (ADTF), rely on the key concept of
Granger causality between time series [14]. The mathemati-
cal background of these methods lies beyond the scope of this
paper, but—on a very short account—the lack of reciprocity
between two times series, one of which results to the other,
provides the direction of the information flow between each
pair of elements [15].

In our work, a classic paradigm of cue-paced motor
imagery is deployed in healthy young volunteers. Our goal is
to investigate the implementation of functional connectivity
on Brain Computer Interfaces and Motor Imagery protocols
and to examine the possibility of classifying the motor voli-
tion accurately and fast by functional connectivity analysis.
For this purpose, we used the novel MATLAB toolbox,
eConnectome [16]. The solutions to the inverse problem
were provided by the toolbox together with the activation
maps on cortical level. We currently present the preliminary
results of implementing functional connectivity analysis on
motor imagery by exploiting the open eConnectome toolbox.

2. Materials and Methods

In the current study 7 healthy right-handed subjects par-
ticipated (4 male and 3 female); mean age of 28.1 (range
23–37). The procedure was accurately explained beforehand,
and all subjects gave their written consent prior to the
experimental procedure. None of the subjects had any
experience in the concept of motor imagery prior to their
participation. The setup of the experiment and part of the
analysis has been analytically described in our previous work
[17]. Each subject performed four motor tasks: (a) real hand
movement (biceps-flexion of the forearm), (b) imaginary
hand movement, (c) real foot movement (quadriceps—
stretch of the lower leg), and (d) imaginary foot movement.
Each task was repeated 95 times, divided into five sets of
19 trials each. There was 1-minute rest between sets and 5-
minute rest between tasks. During trials, the subjects were
presented with visual feedback on a computer screen (the
word “move”), which constituted the cue to perform the
relevant task. The cue of the visual feedback was recorded
with an optic fiber placed on the computer screen serving
as the trigger channel synchronous to the EEG recording.
A Nihon-Kohden (Japan) EEG and an active electrode cap
(EASYCAP, Germany) were used. EEG was recorded by 17
electrodes (CP3, CP1, CPz, CP2, Cp4, C5, C3, C1, Cz,
C2, C4, C6, FC3, FC1, FCz, FC2, and FC4), placed in
accordance with the 10-10 international electrode system.
The recording electrodes were referenced with LPA and RPA
mastoid electrodes. The impedance threshold was set below
5 kOhm. The electrode setup corresponds to the skull area
above the sensorimotor cortex.

Following signal extraction, further processing is descri-
bed in two parts. Initially, the extracted signals were pro-
cessed with an ERD/ERS of mu-rhythm EEG paradigm in
mind. This paradigm of cue-paced motor imagery [17], is
presented here as an intermediate step that serves to instigate
our research towards functional connectivity. The second
part, consisting of source depiction and functional connec-
tivity of the extracted signals, deploys different processing
methodology, as we describe accordingly. Signal preprocess-
ing and analysis was performed in MATLAB (Mathworks
Inc.), using EEGLAB toolbox [18] and eConnectome toolbox
[16].

For ERD/ERS analysis, we chose to focus on 7 electrodes
(CP1, CPz, CP2, C1, Cz, C2, FC1, FCz, and FC2), those more
relevant to the primary motor cortical areas of hand and
foot. Filtering was performed using EEGLAB [16] at 8–15 Hz
(mu-rhythm, possibly including a fraction of the lower beta
band) [4]. Independent Component Analysis (ICA) was used
to remove ocular artifacts. Epochs were set from 800 msec
prestimulus to 2200 msec poststimulus.

Following preprocessing, Event-Related Desynchro-niza-
tion/Synchronization (ERD/ERS) values of the mu-rhythm
were calculated. Each subject’s 95 epochs for each task were
first divided in five sets of 19 epochs and then were averaged
across sets. For each of the five sets, as well as for each of
the seven focus electrodes, ERD/ERS was computed at three
poststimuli intervals (100–400 msec, 400–700 sec, and 700–
1000 msec) towards −300–0 msec prestimulus, to account
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for different reflexes of the subjects. This resulted in matrices
of 7 × 5 × 3 size, containing the ERD/ERS values for each
subject. In order to test for similarities between the ERD/ERS
values during the real movements and ERD/ERS values
during the imaginary ones, Student’s t-tests were performed.
Moreover, the ERD/ERS values during the imaginary foot
movements were compared to their counterparts during the
imaginary hand movements to reveal any differentiation. For
all statistical tests, the level of significance was set to 0.05.

Source imaging and functional connectivity on the
source level were applied taking into account all 17 elec-
trodes. The area covered by the electrodes can be anatom-
ically corresponded to the primary motor area, primary
somatosensory area, and premotor cortex of the brain. In
order to append those signals recorded at the surface of the
skull to specific Brodmann areas of the cortex though, the
solutions to the “inverse problem” have to be calculated.
eConnectome handles this part using the Cortical Current
Density (CCD) source model [19]. The toolbox provides
a high-resolution cortical surface model segmented and
reconstructed for visualization from MRI images of the
Montreal Neurological Institute and a scalp surface that
forms the sensor space. These are generic realistic head
models designed to provide improved accuracy in cortical
source estimation [20]. Cortical regions of interest (ROIs),
corresponding to Brodmann areas, are predefined (by the
eConnectome software) and available to compute estimated
cortical sources. The user has also the choice to define custom
regions of interest, a feature that we explored in our study.

Preprocessing involved filtering at 8–15 hz, and ICA
using EEGLAB [16] and epochs were set from 800 msec
prestimulus to 2200 msec poststimulus. At this point, one
further step was decided, in order to compute the average of
all (95) epochs for each subject—rather than in sets of 19 (as
was done for the ERD/ERS analysis). This produced a dataset
of four EEG sets for each of the seven subjects. Each of these
four sets consisted of the average of 95 trials during each task:
Foot Motor Execution (FME), Foot Motor Imagery (FMI),
Hand Motor Execution (HME), and Hand Motor Imagery
(HMI). Using the EEG module of eConnectome [21], for
each subject, we compared ROI activation of FME versus
FMI, HME versus HMI, as well as FME versus HME, and
FMI versus HMI. The average of each task trials for each
subject was chosen over individual epoch analysis, in order
to minimize the effect of random occurrences and artifacts
to the imaging of cortical activation. Similarly, it is suggested
that the causality relations between cortical networks appear
to be independent from the frequency band analyzed [10].
Thus, we opted to estimate source activation for the narrow
frequency band that we used for mu-rhythm ERD/ERS
analysis and connectivity was computed for the band of mu-
rhythm (8–12 hz), aiming for better comparability of results
and reduction of computational workload.

Directed Transfer Function (DTF) was used for the esti-
mation of functional connectivity relationships between
cortical areas of the human brain [16]. DTF is a con-
nectivity metric based on the multivariate autoregressive
(MVAR) modeling [22]. It was applied on the whole −800
to 2200 msec interval for the range of 8–12 Hz (mu or

Table 1: Real/imaginary statistical similarity and hand/foot dis-
crimination percentages of subjects using t-test comparisons (P >
0.05) of ERD/ERS values: our subjects showed high performance in
Foot and Hand Motor Imagery but low source discrimination.

Real/imaginary similarity

Hand 85.71%

Foot 71.41%

Hand/foot discrimination

Real 28.57%

Imaginary 14.28%

alpha rhythm). For a single representative subject, the
functional connectivity of the sensorimotor cortex during
motor execution and imagery for both foot and hand
movements was analyzed and further compared. During this
investigation, we custom defined ROIs on the sensorimotor
cortex, correlating to primary hand and foot motor areas
(M1), hand and foot sensory areas (S1), and supplementary
motor areas (SMAs). The selected subject was the one
with the highest performance in both FMI and HMI, as
defined by no differentiation between imaginary and real
ERD/ERS patterns in the majority of focus electrodes and
time intervals. Connectivity patterns were visualized at both
the cortical surface and the EEG sensor level, on a model
using the standard 10-10 electrode system [23].

3. Results

3.1. Event-Related Desynchronization/Synchronization (ERD/
ERS) Analysis. Regarding the ability to perform motor ima-
gery, four out of seven subjects performed equally well in
both FMI and HMI, activating their cortex during imaginary
movements in the same patterns as in real movements (P >
0.05) in all of the three time intervals as reported previously
by our group [17].

Regarding the ability to statistically discriminate between
hand and foot movements, in two out of seven subjects,
ERD/ERS of the mu-rhythm was unable to provide hand-
foot discrimination in either MI or ME. For two subjects,
hand-foot discrimination (for both MI and ME) was poor,
both spatially (7 electrodes) and temporally (3 time inter-
vals). For further two subjects, the discrimination between
foot and hand ME was possible across most electrodes
and time intervals. Finally, one subject produced distinctive
ERD/ERS patterns for foot and hand MI, while this was not
the case for ME.

The results of ERD/ERS statistical analysis, published in
a previous paper [17] and presented here in a summary
(Table 1), encouraged us to further investigate MI move-
ments in terms of functional connectivity.

3.2. Cortical Source Imaging. The distinction between dif-
ferent cortical sources’ activation is facilitated with the
visualization of the inverse problem solutions (computed
with Current Cortical Density) that provide the correspond-
ing cortical activation maps. In all subjects, as expected,
visual discrimination between foot and hand activation
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(b) FMI

Figure 1: Cortical source activation maps produced by eCon-
nectome after solving the inverse problem using Current Cortical
Density. Poststimuli instances for 5 subjects during (a) Hand Motor
Imagery (HMI) and (b) Foot Motor Imagery (FMI). Different
activation patterns can be observed for different subjects, but in all
of them, the hand and foot imagery are discriminated.

in real movements is apparent. Moreover, in five out of
seven subjects, the discrimination becomes possible between
imaginary foot and hand movements as well (Figure 1).
As also shown in Figure 1, not all subjects activate the
relevant cortical sources in the same pattern, especially
during imaginary movement. It can be observed that during
imaginary movements, there is greater involvement of the
ipsilateral hemisphere. Moreover, activation patterns are not
static during the whole epoch (the average of 95 epochs of
each task), but different instances produce different patterns
for each subject in both MI and ME tasks (Figure 2).

(a) HMI

1

0.8

0.6

0.4

0.2

0

A
ct

iv
at

io
n

1

0.8

0.6

0.4

0.2

0

A
ct

iv
at

io
n
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Figure 2: Cortical source activation maps for one subject during
(a) Hand Motor Imagery (HMI) and (b) Hand Motor Execution
(HME). Each row represents a different poststimulus instance, and
the variance in activation patterns can be observed.

Although activation is similar during MI and ME, generally
imagery produces lower levels of activation, at both scalp
and cortical area (Figure 3). Finally, it can be observed that
activation of supplementary motor areas (SMAs) varies and
is more intense during foot motor for all subjects. This is
demonstrated at Figure 4 for subject 1, but similar patterns
stand for the rest of the subjects.

3.3. Functional Connectivity. For this part of our analy-
sis, one representative subject was chosen, as described
in Section 2. All figures hereafter concern this particular
subject. Functional connectivity can be studied either at
the scalp surface (electrode plane) or at the cortical surface
(regions of interest plane). Figure 5 depicts connectivity at
the electrode plane, at different instances for one subject.
Different connectivity patterns can be recognized at different
temporal instances, but there are some that prevail across
the whole task as shown in the second and the third rows
of Figure 5. In HME, a strong outflow current is produced
from electrode C1 towards electrodes corresponding to both
hemispheres of the sensorimotor cortex (Figure 5(a)). eCon-
nectome provides the option to portray information flow
between all channels or the single highest outflow, inflow,
or information exchange. This outflow is maximal towards
CP4 and FC2 in most examined instances. On the contrary,
in HMI, this strong outflow is not as obvious, although when
each electrode is examined, the same prevalence of C1 can be
found. In HMI, information flow is portrayed to be maximal
from electrode C1 towards electrode FC2 and from electrode
FC1 towards electrode C4 (Figure 5(b)).
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Figure 3: First row: cortical source activation maps for (a) Hand
Motor Imagery (HMI) and (b) Hand Motor Execution (HME).
Second row: scalp area activation maps for (c) HMI and (d) HME.
All images are from a single subject, and a lower level of activation
can be observed in imagery as compared to the corresponding
instance during execution.

On the cortical surface, after solving the inverse prob-
lem, functional connectivity can be studied either using
the predefined regions of interest (cortical ROIs defined
by eConnectome, corresponding to Brodmann areas) or
using custom-defined ROIs on the dynamic activation maps
produced by source imaging. Initially, the primary hand
motor areas were defined in both hemispheres, and then
Directed Transfer Function (DTF) was computed. Figure 6
depicts a strong information flow between primary hand
motor areas, directed from the contralateral (to the moving
hand) towards the ipsilateral area. This flow is almost
identical in power amplitude in both motor execution and
motor imagery. To test whether that was a result of defining
only primary motor areas, another ROI corresponding to
primary right foot sensory cortex (the purple-colored area
in Figure 6(b)) was defined, but no information flow was
detected. In Figure 7, the cortical network produced by Hand
Motor Imagery consists, additionally, of the SMAs and the
primary hand sensory areas. In this case, information flow
is stronger from the SMAs towards the ipsilateral primary
hand motor area, showing the important regulative role
of those cortical sources in the imagination (preparation)
of a movement [10]. The activation time series of the
ROIs of this small cortical network, consisting of primary
hand motor and sensory areas and SMAs, is presented in
Figure 8. Finally, another small cortical network was tested,
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Figure 4: Cortical source activation maps for one representative
subject during (a) Foot Motor Imagery (FMI) and (b) Foot Motor
Execution (FME). The activation of supplementary motor areas
(SMAs) varies in different poststimulus instances (rows) and can
be observed to be more intense during FMI.

this time consisting of primary foot motor areas and SMAs.
The information flow from the SMAs is present in this
network too, directed to the contralateral primary foot
motor area. In addition, there is a high output information
exchange between the SMAs of both hemispheres as shown in
Figure 9.

4. Discussion

The sensorimotor cortex, during the practice of motor
imagery tasks, has been proven to produce similar patterns
of activation with actual motor execution tasks [4, 6],
something our work also confirms [17]. Cortex activation
is found to be less intense during motor imagery as
compared to motor execution, which is shown by ERD/ERS
amplitude as well as by source activation maps produced by
eConnectome. Mu-rhythm detection and ERD/ERS analysis
achieve high performance (over 85% for Hand Motor
Imagery in our experiment) and are considered to be
a suitable modality for accurate and fast classification of
human motor volition. However, ERD/ERS analysis does
not facilitate the discrimination between different sources’
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Figure 5: Functional connectivity patterns at the electrode plane for
one representative subject during (a) Hand Motor Imagery (HMI)
and (b) Hand Motor Execution (HME). First row: information
exchange between all channels. Second and third rows: maximal
information exchange.

activation. On the contrary, the production of cortical source
activation maps, such as those produced by eConnectome,
can be greatly effective in source discrimination. As has
been proposed by BCI experts, design of motor restoration
systems should be based on a self-paced (asynchronous)
approach [24]. Our results agree with this viewpoint, as
each subject tended to produce unique patterns of brain
activity, regarding electrodes and time intervals of activation
[17]. The study of functional connectivity at both the scalp
and the source level can help further understanding of
each subject’s unique patterns, providing information on
“communication” exchange between electrodes and cortical
sources.

The mu-specific approach was induced by certain rea-
sons. Concerning sensorimotor-related rhythms, it is pro-
posed that mu- and beta-rhythms are couple-phased and
should not be combined as independent control features
[25]. Also, it is suggested that causality relation between
cortical networks is not maximally present in any specific
frequency band [10]. Taking those viewpoints into account

allowed us to focus on a narrow band of brain activity, reduc-
ing computational workload, while at the same time without
resulting in sacrifice of information. Our brain connectivity
findings tend to confirm novel studies in the area [10,
15, 21] regarding the highly dynamic nature of functional
connectivity networks [15]. Such studies report small-world
topologies [11] in brain networks, a characteristic that
seems to play a crucial role regarding neurophysiological
organization and behavior of the cortex [26, 27] during
motor execution and imagery. Furthermore, in the current
study, eConnectome revealed the SMAs as a clearly defined
nested network exchanging information with primary motor
regions, a finding we appreciate to be coherent with the
regulative role of SMAs during the planning of a movement
[10]. Through the use of eConnectome, we were able to study
specific cortical regions of interest and the way they interact
in motor execution and motor imagery tasks of the hand and
the foot.

There are several limitations that have to be mentioned,
including some that are not specific to our study. Primarily,
the low number of subjects along with the absence of patients
does not allow us to safely generalize our findings and
conclude an effective BCI approach for mobility restoration.
Moreover, regarding connectivity analysis, we have to men-
tion again that in the view of the feasibility analysis aimed
at in this paper, only exploratory results are reported herein,
based on the investigation of ME and MI performance for
one subject. However, we reiterate that this study dealt
with the feasibility and usefulness of BCI and connectivity
integration rather than with specific neurophysiological
findings. There are many changes in brain activation and
functional connectivity that come with severe impairment
[8, 10]. As such, the inclusion of patients in such research
is crucial in order to produce useful conclusions.

Regarding our method, the absence of electromyographic
(EMG) signal recording is crucial to further analysis,
since the trials were not accurately time locked, and the
contamination because of muscular artifacts could not be
eliminated. Also, a higher number of EEG sensors would
have resulted to better spatial resolution, and in order to
efficiently study connectivity, we ought to have a recording of
higher spatial resolution (more electrodes, possibly placed in
accordance with 10–5 international system [23]). However,
an increased number of EEG sensors have been identified to
produce unwanted (false) small-world topologies [11], since
uncorrelated electrodes would be more easily influenced
by strong focal signals. Practicality reasons also demand
that a possible BCI-FCN integration should deploy a rather
small number of electrodes in order to facilitate portability
and usage in real-life scenarios. The optimal compromise
between portability and spatial resolution is something that
has yet to be researched.

Finally, the selection of the connectivity metric is proven
to be critical for the formation of the brain functional
networks [28], and a more reliable interpretation of mea-
sured activations and information flow could be obtained
by comparing results from different connectivity metrics.
Furthermore, eConnectome includes specific multivariate
metrics (DTF and ADTF) that are not proven to be
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Figure 6: Identical high Information outflow from the cortical ROI corresponding to hand area of motor cortex contralateral to movement
towards the same ipsilateral area during (a) Hand Motor Execution (HME) and (b) Hand Motor Imagery (HMI).
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Figure 7: FCN during Hand Motor Imagery (HMI) of one representative subject. (a) Information exchange between primary hand motor
areas, (b) information outflow from the same areas, (c) information outflow from SMAs, and (d) the highest information exchange was
shown to occur between the two SMAs and the ipsilateral primary hand motor area. The size of the spheres is proportional to the outflow,
which is also obvious from the chromatic scale.
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Figure 8: Regions of interest activation time series of a small functional cortical network (FCN) of one representative subject during Hand
Motor Imagery (HMI).
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Figure 9: FCNs of one representative subject during foot motor tasks. Information outflow from SMAs and primary foot motor areas during
(a) Foot Motor Execution (FME) and (b) Foot Motor Imagery (FMI). (c) Information exchange of those areas during Foot Motor Imagery
(zoom in).

specifically more suitable for BCI approaches than other
connectivity metrics. The integration of connectivity in
Brain Computer Interfaces seems far from being immediately
feasible. It has to be stressed that DTF cannot yet be per-
formed in real time. The prospect of real-time application of
a connectivity metric in a BCI application would also require
a time-adaptive metric, such as the ADTF, which seems
more suitable for such a use. However, ADTF needs even
more computational workload and time to be performed
than the DTF. The real-time environment that is crucial
for rehabilitation or commercial BCI approaches cannot yet
benefit from connectivity analysis, though this is a limitation
that time and technological progress is expected to eventually
solve [29].

In conclusion, it is our conviction that the study of func-
tional connectivity in the context of Brain Computer Inter-
faces applications, although not yet a mature solution, has
a lot to offer in terms of neurophysiological integration and
understanding and the design of intuitive high-performance
self-paced systems. eConnectome is an appropriate toolbox
to be used in order to test and enhance the effectiveness
of Motor Imagery protocols and Brain Computer Interface
systems in a research environment. In our study, this toolbox
enabled us to extensively study and detect expected similar-
ities and differences in cortical activation, as well as depict
simple FCNs between a small number of highly important
cortical regions of interest. eConnectome is demonstrated
to be able to facilitate the study of functional connectivity,



Advances in Human-Computer Interaction 9

providing easy-to-use tools and graphical interpretations
of cortical activity and information exchanges. Further
evaluation and experiments involving healthy and patient
subjects need to be performed in order to fully implement
FCN findings in typical BCIs. We cannot emphasize enough
the breakthroughs that can occur in the field of motor
restoration; however, we can only capture the need towards
the design of appropriate software and tools to precipitate the
integration of the two fields of research.
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Error potentials (ErrP) are alterations of EEG traces following the subject’s perception of erroneous feedbacks. They provide a
way to recognize misinterpreted commands in brain-computer interfaces (BCI). However, this has been evaluated online in only
a couple of studies and mostly with very few subjects. In this study, we implemented a P300-based BCI, including not only online
error detection but also, for the first time, automatic correction. We evaluated it in 16 healthy volunteers. Whenever an error
was detected, a new decision was made based on the second best guess of a probabilistic classifier. At the group level, correction
did neither improve nor deteriorate spelling accuracy. However, automatic correction yielded a higher bit rate than a respelling
strategy. Furthermore, the fine examination of interindividual differences in the efficiency of error correction and spelling clearly
distinguished between two groups who differed according to individual specificity in ErrP detection. The high specificity group
had larger evoked responses and made fewer errors which were corrected more efficiently, yielding a 4% improvement in spelling
accuracy and a higher bit rate. Altogether, our results suggest that the more the subject is engaged into the task, the more useful
and well accepted the automatic error correction.

1. Introduction

A brain-computer interface (BCI) is a system that connects
the brain to a computer directly and avoids the need for
peripheral nerve and muscle activities to execute user’s
actions. A major aim of BCI research is to allow patients
with severe motor disabilities to regain autonomy and
communication abilities [1]. This raises the crucial challenge
of achieving a reliable control by measuring and interpreting
brain activity on the fly. Due to the highly complex, noisy,
and variable nature of brain signals, especially those obtained
with noninvasive recordings using scalp EEG, the computer
sometimes misinterprets the signals and makes a decision
that does not match the user’s intention. In this context, it
is highly relevant to look for a way to detect and correct
errors. One way to tackle this issue is to appeal to the
hybrid BCI approach [2], where it has been shown that BCI

performance could be improved by supplementing the first-
order brain signal with second-level information to aid the
primary classifier and to improve the final decision or BCI
output [3]. This complementary signal can be either of a
cerebral origin or of a very different nature [2].

Along that line, a couple of recent studies have proposed
to use error-related brain signals in BCI applications. It
has been established for years that the brain produces
specific evoked responses in case of errors. The error-related
negativity (ERN or Ne, [4, 5]) and error positivity [6, 7] are
phase locked to the motor response in alternative forced-
choice tasks, whereas the feedback-related negativity (FRN or
feedback ERN) is produced in response to negative feedbacks
[8] (see [9] for a review on ERN and FRN). In a human-
computer interface, the ERN has already been used to detect
errors online [10]. In BCI, an FRN like signal has been
observed in response to erroneous feedback [11]. Ferrez and
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del R. Millan used the term “interaction error potential,”
as the decision results from the interaction between the
user and the machine. Indeed, either one or both may be
responsible for the error [12].

In particular, the well-known P300-speller has been used
to compare classifiers in their performance to discriminate
between correct and incorrect trials [13–15], in order to
achieve real-time automatic error detection. In [15], the
authors compared several classifiers offline, using a three-
fold cross-validation procedure. The best classification was
obtained with an LDA applied on polynomial coefficients.
It was then used to evaluate the putative improvement due
to ErrP detection, by estimating the ensuing reduction in
the number of trials needed to properly spell a letter. They
found that four out of five subjects could benefit from error
detection, provided that the accuracy of the P300-Speller
would remains below 75%. The same group was the first to
test online automatic error detection in a P300-Speller BCI.
The ErrP was detected with a 68% specificity (the probability
of detecting a correct trial) and a 62% sensitivity (the proba-
bility of detecting an error trial), in two out of three subjects.
However, this was not sufficient to improve the information
transfer rate [13]. Finally, in a recent P300-Speller study,
healthy and motor-impaired participants increased their bit-
rate by 0.52 (in bits/trial) using online error detection during
copy spelling [14]. However, these studies implemented and
evaluated automatic error detection but not automatic error
correction. In other words, they could eventually suppress
a wrong letter by detecting the ensuing ErrP but did not
attempt to immediately replace this letter by another highly
probable one [13, 14]. In the current study, we evaluated both
error detection and correction, where correction was based
on the second best guess of a probabilistic classifier.

In a previous experiment, we tested automatic error
detection offline [16]. We achieved a very high specificity
(above 0.9) and a fairly good sensitivity (up to 0.6), which
yielded a significant improvement in offline spelling accuracy
in about half of the participants considering an automatic
correction based on the second best guess of the classifier.
Importantly, it turned out that, for about 50% of the error
trials, the second best guess of the classifier corresponded
to the true target. Interestingly, this good correction rate
(GCR) correlated with the spelling accuracy over subjects,
suggesting that more attentive subjects would produce more
distinguishable feedback response signals and should be
more prone to benefit from automatic correction.

In the current study, we implemented and tested auto-
matic error correction online, in a fairly large group of
subjects. To ensure a high error rate in most participants, we
used settings that render the spelling fast and challenging.
We also evaluated subjective perception of error correction
in each participant by means of a questionnaire. Importantly,
the group would clearly split in-between participants with
low and high ErrP detection specificity. We thus also report
and discuss the difference between those two groups, both at
the psychological and neurophysiological levels.

The paper is organized as follows. First, Section 2
describes the experimental design in details, including the
online OpenViBE scenario that we implemented for spelling

and error detection and correction. It also describes the
evaluation procedure we used to analyze data offline. Results
are exposed in the next section and discussed in the final
section of the paper.

2. Methods

2.1. General Principle of the P300-Speller. The P300-Speller
is a BCI paradigm developed to restore communication
in locked-in patients [17]. The P300 signal is an EEG
positive deflection that occurs approximately 300 ms after
stimulus onset and is typically recorded over centro-parietal
electrodes. This response is evoked by attention to rare
stimuli in a random series of stimulus events (the oddball
paradigm) [18] and is even stronger when the subject is
instructed to count the rare stimuli [19]. It can be used
to select items displayed on a computer screen [17, 20].
In practice, all possible items are displayed while the user
focuses his attention (and gaze) onto the target item. Groups
of items are successively and repeatedly flashed, but only the
group that contains the target will elicit a P300 response.
Correct spelling thus relies on both the user’s attentional state
and the ability for the BCI to detect the P300 response online.

2.2. Participants. Sixteen healthy subjects took part in this
study (7 men, mean age = 28.2 ± 5.1 (SD), range 20–37).
They all signed an informed consent approved by the local
Ethical Committee and received monetary compensation
for their participation. All participants reported normal or
corrected-to-normal vision. All subjects had no previous
experience with the P300-Speller paradigm or any other BCI
application.

2.3. Experimental Design

2.3.1. Setup. Participant’s brain activity was simultaneously
recorded with 56 passive Ag/AgCl EEG sensors (VSM-CTF
compatible system) and 275 MEG axial gradiometers (VSM-
CTF Omega 275). However, only 32 EEG electrodes were
used for the online and offline analysis reported in this paper.
The EEG electrode placement followed the extended 10–20
system (see Figure 1). Their signals were all referenced to the
nose. The ground electrode was placed on the shoulder and
impedances were kept below 10 kΩ. Signals were sampled at
600 Hz.

2.3.2. Stimuli. We used a standard 6 × 6 matrix of items
for stimulation [17], which we combined with our own
implementation of the P300-speller in OpenViBE [21, 22].
We moved away from the traditional row and column way of
flashing items, by adapting the pseudorandom stimulation
procedure proposed by Townsend et al. [23]. Townsend
and collaborators showed that this improves the spelling
accuracy significantly since it minimizes the risk for the
subject or patient to be distracted by the letters adjacent
to the target. Therefore, we constructed six pairs of groups
of six letters, each pair being associated with a particular
item of the matrix. This item then belongs to two groups
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which a display indicates the next word and the difficulty level (slow or fast spelling mode). If not, there is a short 0.5 s break before the next
green circle appears.

only and those two groups have only this single item in
common (see Figure 2). In other words, a unique pair of
groups of nonadjacent letters is defined in order to replace
the original pair of row and column that was associated with
a unique possible target [24]. This way of flashing letters also
minimizes the probability that a letter will be flashed twice
in a row, which minimizes the risk for the user to miss one
target presentation. The flash duration was equal to 60 ms
and we set the stimulus onset asynchrony (SOA) to 110 ms.
We chose these small parameter values in order to make the
trials as short as possible. This has a twofold advantage. It
enables us to acquire more trials per subject and it makes
the spelling more difficult [22]. Both aspects are essential to
generate enough error trials and study error detection and
correction.

2.3.3. One Trial. We call a trial the succession of stimulations
and observations that are needed to select one item (see
Figure 2). Each trial is thus made of several sequences
depending on the spelling condition. A sequence of stimula-
tions corresponds to the successive flashing of all the groups,
once and in a pseudorandom order. The longer the trial (i.e.,

the more sequences per trial), the more observations to rely
on for the BCI to find the target.

We used two spelling conditions: a fast, more error-
prone condition, made of short (2-sequence long) trials
and a slower, less risky one, made of four-sequence long
trials. These two modes are fairly fast and challenging, which
ensures the recording of many trials per subject, among
which enough error trials for subsequent analysis.

Since we used copy spelling, each trial started with the
presentation of the current target, both at the top of the
screen and within the matrix, using a green circle for 1
second. There was no break in-between sequence. At the end
of each trial, 2.5 to 4 seconds after the last flash, the feedback
was displayed in a blue square at the middle of the screen for
1.3 seconds. It was simultaneously written on the top of the
screen (see Figure 2). This large presentation at the center of
the visual field was made to favor clear single-trial responses
to feedbacks. Participants were explicitly instructed to wait
for the feedback at the middle of the screen and not to blink
during feedback presentation.

In the session including automatic correction (see
below), the second best guess of the classifier was used to
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replace the current feedback, in an orange square, whenever
an ErrP would have been detected. In this case, the new
feedback was presented for 1 second and the item was
also simultaneously corrected at the top of the screen (see
Figure 2). After a 0.5 second break, the new target for the
next trial was presented.

2.3.4. Full Procedure. The experiment was divided into five
parts.

(1) Installation and Instructions. After having read about
the experiment and signed an informed consent
form, each subject was prepared for EEG/MEG data
acquisition. During preparation, the subject was
asked to read the task instructions. Finally, a couple of
typical trials were presented so that the subject would
be familiar with stimulus presentation before starting
the actual experiment.

(2) Speller Training. The aim of the first session was to
gather training data in order to set the supervised
algorithms subsequently used in the test phase,
for individual feature selection and classification.
Precisely, those data were used to both compute
the individual spatial filters and class parameters. In
this training session, subjects were all required to
successively copy spell the same 36 items (the whole
matrix). Each item or trial was spelled using 3 flash-
sequences. The session lasted about 10 minutes and
was interleaved with short breaks after the 12th and
24th items. No feedback was provided.

(3) Speller Testing and Error Detection Training. After
training, the subjects had to go through four true
spelling sessions, lasting approximately 12 minutes
each. Each session was made of twelve 5-letter words.
Subjects received feedback after each letter and words
were separated by a 4.5 second break. Within a
word, letters were spelled using the same number of
sequences (either 2 or 4) and short- and long-lasting
words were counterbalanced within sessions. The
responses to feedbacks over those four sessions were
used to train the feature extraction and classification
algorithms for subsequent error detection.

(4) Speller and Error Correction Testing. In the fifth
spelling session, participants had to spell twenty 5-
letter words that they had chosen themselves before
the beginning of the whole experiment. Still, it
consisted in copy spelling since those words were
entered in the computer by the experimenter before
the actual session. All letters were spelled using two
sequences only (fast mode). This last session lasted
17 minutes approximately. Importantly, whenever an
error was detected, automatic correction applied.

(5) Debrief. After recording, participants had to fill in a
questionnaire. Using marks between 1 and 10, they
had to respond to questions about their perception
of the performance of the machine, the difficulty of
the task, the quality, and usefulness of the correction.

2.4. Feature Extraction. We used similar preprocessing steps
and feature extraction algorithms to process the responses
evoked by flashes (for spelling) and feedbacks (for error
detection), respectively. Raw data were first downsampled to
100 Hz and bandpass filtered between 1 and 20 Hz, online.
100 Hz here corresponds to a good compromise between the
need to sample above 60 Hz (the so-called engineer Nyquist
frequency to avoid aliasing) and the advantage of reducing
the dimension of the data for online processing. Feature
extraction then consisted in linear spatial filtering, whose
effect is to reduce the dimension of the data as well as to
maximize the discriminability between the two classes (i.e.,
between targets and nontargets, during spelling, and between
error and correct feedbacks, during error detection) [25].
The xDAWN algorithm provides orthogonal linear spatial
filters that can be learned from training samples [25]. Based
on our previous studies [16, 22], we used a five-dimensional
filter for both spelling and error detection. As mentioned
above, those filters were learned based on the first session,
for subsequent spelling, and based on the first four spelling
sessions which included feedbacks, for error detection in the
last session. For online spelling, the features consisted in the
spatially filtered epochs from 0 to 600 ms after flash onset.
The evoked response thus included both the P300 and the
early visual response [22, 26, 27]. For online error detection,
the features consisted in the spatially filtered epochs from 200
to 600 ms after feedback onset [28].

2.5. Feature Classification. We used a mixture of multi-
dimensional Gaussian model as a classifier. The model
parameters (i.e., the mean and variance of each of the two
Gaussians) were learned from the same training samples
as the parameters of the xDAWN algorithms, for the
spelling and error detection task, respectively. Importantly,
we assumed conditional independence in time and space
between features (naı̈ve Bayes hypothesis) [16, 22]. This
makes the real-time computation of the posterior probability
of each new feature very efficient. This is particularly relevant
for the spelling part, since it enables the BCI to update its
posterior probability or belief about the target location, after
each new observation or flash.

Indeed, for spelling, all items are initially assumed to be
equiprobable targets. At each new observation, this belief is
updated following Bayes rule, by optimally combining the
data likelihood and priors. The obtained posteriors then
furnish the prior for the next observation, in a Markovian
fashion.

For error detection, a decision was made after each single
feedback observation. Hence Bayes rule was applied once per
trial only. We used individual priors based on each subject’s
averaged error rate, as given by the first four spelling and ErrP
training sessions.

2.6. Evaluation of Online Error Detection. To evaluate ErrP
classification, we use the common confusion matrix for a
two-class problem (see Figure 3). It involves the estimation of
the following complementary measures (reported in percent
in the results section):
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Figure 3: Confusion matrix for a general binary problem (a) and in the context of error correction (b), adapted from [14]. TP: true positive;
FP: false positive; FN: false negative; TN: true negative.

(i) sensitivity = TP/(TP + FN), that is, the capacity to
correctly detect errors;

(ii) specificity = TN/(TN + FP), that is, the capacity to
correctly detect correct trials;

(iii) accuracy = (TP + TN)/(TP + TN + FP + FN), that is,
the global efficacy of the classifier.

2.7. Evaluation of Online Error Correction. We computed
three quantitative measures to evaluate error correction, both
at the single subject and group levels.

We denote the first one by θ. It is the percentage
of error trials for which the classifier’s second best guess
corresponded to the actual target. Note that θ is independent
of error detection and only measures how well the classifier
might help correcting errors automatically. We estimated θ
based on the whole five spelling sessions.

The second measure evaluates automatic error correction
on the very last session. It is the good correction rate (GCR)
and corresponds to the percentage of detected true error
trials that were appropriately corrected. While θ is an offline
(predictive) measure, GCR is an online (true BCI behavioral)
measure of performance.

Finally, we estimated the individual gain in spelling
accuracy due to automatic error correction in the last session.
It is simply the difference between the observed accuracy
and the one that would have been observed with no online
correction.

A commonly used although imperfect measure of BCI
performance is the bit rate [29], originally derived from [30].
It can be computed from the following formula:

br = log2(M) +
(
1− p

) · log2

1− p

M − 1
, (1)

where M is the number of classes and p is the accuracy of
the P300 classifier. We report br in bits per minute and use
it to compare the spelling accuracy with and without online
correction as well as the accuracy that would have been
observed if error detection would have been simply followed
by the opportunity to spell the letter again. To estimate the
latter, we consider that the letter would be spelled again
once, with an accuracy corresponding to the one observed
online for each subject. Importantly, the respelling of a letter
includes a short instruction indicating that the user should
focus onto the same target again [14].

For each of the above parameters, we also report the
obtained values at the population level. Importantly, since
the subjects did not show the same amount of errors, com-
puting the average values for TP, FN, and other parameters
would yield a bias estimate of what could be predicted at
the population level. Therefore, we rather report the values
obtained by concatenating all the trials over subjects, that
is, by considering the so-called metasubject. We refer to
such quantities at the population level as metavalues. As an
example, the metasensitivity corresponds to the sensitivity
of the metasubject with mTP true positive and mFN false
negative (mTP and mFN being the sum of TP and FN over
all the 16 participants).

Finally, the spelling accuracy using automatic correction
was related to the specificity, the sensitivity, and the GCR
using the following simple formula:

Pc = P · Spec + (1− P) · Sens ·GCR, (2)

where P indicates the spelling accuracy in the absence of
correction and Pc the spelling accuracy after automatic
correction. The correction becomes useful as soon as Pc > P,
which for a given initial spelling accuracy and GCR yields the
following limit condition on error detection sensitivity and
specificity:

Spec > 1−
(
1− p

) · Sens ·GCR
p

. (3)

2.8. Additional Offline Analysis. Subjects clearly separated
between a low (below 0.75) and a high (above 0.85) ErrP
detection specificity group. We compared those two groups
in terms of performance, responses to questionnaire, and
electrophysiological measures. Because of the small sample
size in each group, we used the nonparametric Mann-
Whitney test for statistical inference.

The electrophysiological responses we considered for
quantitative comparisons are the differences between aver-
aged responses to target and non-target stimuli, or to correct
and incorrect feedbacks, respectively. These were computed
from the downsampled and bandpass filtered data (see
Section 4). We compared the amplitudes and latencies of the
negative and positive peaks of these differential responses.

For the responses to feedback, only the (last) session
with correction was considered. We computed the difference
between responses to correct and incorrect feedbacks on



6 Advances in Human-Computer Interaction

Error Correct

E
rr

or

23.7%

C
or

re
ct

14% 54.7%

Outcome

P
re

di
ct

ed

7.6%

Figure 4: Confusion matrix for ErrP detection (group results).

central electrode Cz, as in [14]. We typically observe a first
negative component (between 250 and 450 ms) followed by
a positive component (between 350 and 550 ms), which we
denote by neg-ErrP and pos-ErrP, respectively.

For the responses to flashes, we used the data from all
sessions. We computed the difference between the averaged
responses to target and non-target stimuli and selected the
channels exhibiting the maximum absolute differences at the
group level. We thus focused our comparison on channel
P7 for a negative peak difference in time window 150–
270 ms and on channel P8 for positive peak difference in time
window 250–500 ms. These two components correspond
to the N1 and P300 responses, respectively. N1 is known
to be associated with automated stimulus processing that
is affected by early attentional processes [31] and to be
preponderating at parieto-occipital sites [27].

For each participant, both the amplitudes and latencies
of the peaks of the above-defined components were used for
subsequent analysis and statistical comparisons. Note that
for technical reasons, the electrophysiological data of one
participant (S08) could not be saved during the experiment.
Therefore, all the results relying on offline evoked potential
analysis were obtained from the other 15 subjects.

3. Results

3.1. Performance in Spelling. In fast mode (including the last
session), the online spelling accuracy was 64% ± 21 (SD).
In slow mode, it was 80% ± 18 (SD). Accounting for the
delay between two trials (5.8 s), this corresponds to rates
of 4.52 ± 1.2 (SD) and 4.31 ± 1 correct letters per minute,
respectively. The information transfer rate is higher in fast
mode, meaning that the loss in accuracy is compensated by
the speed increase.

3.2. Performance in Error Detection. The metavalues for the
percent of true positive, false positive, false negative, and true
negative are shown in Figure 4. The individual sensitivity and
specificity values are given in Table 1. At the group level, the
(meta) sensitivity, specificity, and accuracy obtained 63%,
88%, and 78%, respectively.

Interestingly, the spelling accuracy correlates with ErrP
detection specificity over subjects (P < 0.01, r = 0.68,
Figure 5(a)).

What is very much striking is the split into two groups
according to the individual specificities in error detection. Six

subjects have quite low specificities, below 75%, while speci-
ficities for the other 10 subjects rise above 85% (Figure 5(a)).

3.3. Performance in Automatic Error Correction. Individual θ
and gains are given in Table 1. At the group level, the GCR
obtains 34%, meaning that for one hundred well-detected
errors, thirty-four have been well corrected. The metavalue
for θ is 36%, which is very close to the GCR. Over subjects,
θ correlates with global spelling accuracy (P < 0.0001, r =
0.87). Precisely, the less the errors during initial spelling, the
higher the probability to effectively correct for those errors
(Figure 5(b)).

θ also correlates with specificity (P < 0.01, r = 0.72) and
accuracy of ErrP detection (P < 0.01, r = 0.63, Figure 5(c)),
as well as with responses to questions Q1 (“How well did you
control the machine?”, P < 0.001, r = 0.75) and Q2 (“Did
the machine perform well?”, P < 0.05, r = 0.60).

Over the whole group, the spelling accuracy raised
by 0.5% due to automatic error correction, relative to a
62% initial accuracy (i.e., without correction). However,
interindividual variability proved quite large. Automatic
error correction yielded an improvement in 50% of the
subjects (with a maximum gain of 12%), while it caused a
degradation of spelling accuracy in 37.5% of the subjects
(with a maximum drop of 19%).

Table 2 shows the bit rates corresponding to the three
compared spelling modes: no correction, predicted correc-
tion based on automatic error detection, and hypothetical
respelling and online automatic correction. Over subjects,
the information transfer rate decreases when we move from
automatic correction to automatic detection and respelling.
Moreover, the highest bit rate is obtained for the no
correction case. However, when restricting the comparison
to the high specificity group, the highest bit rate is obtained
during automatic correction.

Figure 6 provides a graphical representation of indi-
vidual performance in terms of sensitivity and specificity
in error detection. It also summarizes the behavior of the
different groups, by displaying the metaspelling accuracy
corresponding to the whole group, the low specificity group
and the high specificity group, respectively. For those three
groups, it further emphasizes the boundaries given by (3),
that is, the minimum required trade-off between specificity
and sensitivity. Precisely, given the observed GCR and
spelling accuracy (in the absence of any correction) for each
group, each boundary represents the limit above which the
automatic correction becomes fruitful. The more a subject
lays above the boundary, the higher the expected increase
in spelling accuracy (e.g., S10 had a 12% gain of accuracy).
Conversely, the more a subject lays below the boundary, the
larger the expected drop of spelling accuracy (e.g., S01 had a
19% drop of accuracy).

3.4. Self-Evaluation Questionnaires. Questions and averaged
ratings are reported in Table 3. Individual responses for Q1,
Q2, and Q8 are detailed in Table 1. Interestingly, the group
average answer to Q2 equals 6.6, which is very close to the
observed global spelling accuracy of 68.5%. Moreover, the
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Table 1: Individual and group performance in spelling, error detection, and correction. The first three columns indicate the subject number
and demographical information such as gender and age. The next two columns indicate the spelling accuracy (percent of correct letters)
for the whole five sessions (mixing words spelled with 2 and 4 sequences) and for the fifth session alone (the one dedicated to online
evaluation of error correction, without considering the online correction), respectively. The next four columns indicate the individual
sensitivity, specificity, θ, and gain in spelling accuracy obtained in the last session, reported in percent. The last four columns show the
individual responses to the most relevant questions (see Table 2 for a full description). The last three lines provide results at the group level
(first line) and after having distinguished between low specificity (second line) and high specificity (third line) performers.

Subjects
Dem. info. Spelling accuracy ErrP detection Correction Questionnaire

Sex
Age

(year)
Sessions

1 to 5
Session
5 only

Sens. Spec. θ Gain Q1 Q2 Q8
Did you prefer
with or without

correction?

1 m 34 82% 80% 35% 69% 47% −19% 5 5 2 without

3 m 25 32% 25% 72% 68% 25% 1% 1 1 2 without

4 f 31 44% 36% 75% 69% 24% −2% 6 5 1 without

6 f 20 42% 31% 81% 61% 23% 0% 4 8 8 with

12 m 23 66% 56% 48% 70% 39% −9% 7 6 4 without

14 f 23 52% 50% 70% 72% 35% −1% 4 6 5 without

2 f 32 65% 56% 68% 93% 39% 7% 5 7 6 with

5 m 28 70% 72% 46% 96% 46% 3% 7 7 5 with

7 f 37 93% 89% 27% 97% 44% −3% 8 8 1 without

8 f 29 90% 87% 62% 97% 59% 0% 5 7 2 without

9 f 26 72% 65% 69% 88% 41% 1% 6 7 7 with

10 f 22 84% 79% 90% 99% 58% 12% 7 8 7 without

11 m 26 91% 88% 25% 95% 61% −2% 8 8 4 without

13 m 23 55% 41% 59% 90% 40% 11% 5 6 9 with

15 m 27 63% 50% 34% 94% 45% 6% 7 8 8 with

16 f 25 94% 91% 67% 99% 50% 3% 8 8 9 with

Summary Metasubject Summary

All 7 m; 9 f 26.9 69% 62% 63% 88% 36% 1% 5.8 6.6 5.0 44% with

Spec < 0.75 3 m; 3 f 26 53% 46% 69% 69% 29% −5% 4.5 5.2 3.7 17% with

Spec > 0.85 4 m; 6 f 27.5 78% 72% 56% 95% 45% 4% 6.6 7.4 5.8 60% with
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Figure 5: (a) Correlation between the spelling accuracy (rate of correctly spelled letters) in session 5 (without considering the correction)
and specificity of error detection. The green circle includes participants with low specificity while the red one includes participants with high
specificity. (b) Global spelling accuracy as a function of θ. (c) Accuracy of error detection as a function of θ. Each diamond represents a
participant, and R values represent correlation coefficients.

response to Q2 correlates with global spelling accuracy over
individuals (P < 0.05, r = 0.61). And it also correlates
with responses to Q1 (P < 0.01, r = 0.74). Answers to Q1
and Q2 further correlates significantly with error detection
specificity (resp. P < 0.05, r = 0.59, and P < 0.01, r = 0.62),

as well as with the observed gain in spelling accuracy due
to automatic correction (P < 0.05, r = 0.54). The gain in
spelling accuracy also correlates positively with the subject’s
answer about the usefulness of automatic correction (Q8,
P < 0.05, r = 0.61).
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Table 2: Bits per minute for the three compared spelling modes: no correction at all, automatic detection and predicted correction due to
respelling, and automatic correction (online results).

Subjects
Spelling mode (bits/min)

No correction
Error detection and

respelling

Error detection and
automatic correction

(online)

S01 21.75 16.27 13.55

S03 3.25 3.01 3.27

S04 6.00 5.45 5.14

S06 4.69 5.45 4.37

S12 12.23 9.68 8.88

S14 10.20 8.97 9.39

S02 12.23 13.01 14.24

S05 18.29 18.68 19.23

S07 26.10 25.63 24.43

S08 25.08 25.48 24.79

S09 15.51 15.34 15.38

S10 21.30 23.51 26.59

S11 25.58 24.78 24.40

S13 7.42 7.82 10.43

S15 10.20 10.30 11.97

S16 27.15 28.07 28.61

Metasubjects

All 13.06 12.70 12.81

Spec < 0.75 9.03 7.71 7.37

Spec > 0.85 18.21 18.77 19.56

Table 3: Questionnaire and averaged ratings over the whole group (N = 16). Ratings ranged between 1 (most negative response) and 10
(most positive response).

Questions Averaged ratings ± SD

Q1. How well did you control the machine? 5.8 ± 1.9

Q2. Did the machine perform well? 6.6 ± 1.8

Q3. Was the task difficult? 4.6 ± 2.5

Q4. Was the task tiring? 5.9 ± 2.3

Q5. Was the task motivating? 7.9 ± 1.4

Q6. Could you predict errors? 4.9 ± 3.1

Q7. How much did errors upset you? 7.3 ± 2.2

Q8. Was the automatic error correction useful? 5.0 ± 2.8

Finally, to the last (binary) question: “Did you prefer
the spelling with or without correction?” a short majority
reported a preference for no correction (56%). However,
when distinguishing between the low and high specificity
groups, we find that 83% of the former preferred without
correction whereas 60% of the latter preferred with correc-
tion.

3.5. Electrophysiology. The grand average feedback-related
responses in correct and incorrect trials as well as their
difference are depicted in Figure 7. Scalp topographies are
also represented for each condition and for the two latencies

corresponding to the negative and positive peaks of the
difference. The negative peak average latency is 350 ms ± 49
(SD) after feedback onset, while the positive peak average
latency is 480 ms ± 51 (SD).

The pos-ErrP amplitude correlates with the accuracy of
error detection (P < 0.01, r = 0.64, Figure 8(a)), while
the neg-ErrP amplitude correlates with the sensitivity of
error detection (P < 0.01, r = −0.70, Figure 8(b)). Hence
the larger the difference between responses to correct and
incorrect trials, the more efficient the automatic error detec-
tion. Besides, we found a significant relationship between the
initial spelling accuracy (without correction) and both the
amplitude and the latency of the pos-ErrP. Indeed, the higher
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Figure 6: Error detection sensitivity as a function of error detection
specificity. All subjects are represented as well as the global meta-
subject (triangle) and the two metasubjects for the low specificity
(circle) and high specificity (square) groups, respectively. The lines
are the boundaries above which the automatic correction becomes
fruitful, for the three groups (plain, dotted, and dashed, resp.).

the spelling accuracy, the larger (P < 0.05, r = 0.58) and the
earlier (P < 0.05, r = −0.55) the positivity.

Similarly, the group average responses to target and non-
target stimuli as well as the difference between the two are
depicted on Figure 9. Figure 9 also shows the topographies
obtained for those three responses, at the peak latency of the
N1 (229 ms ± 19 (SD)) and P300 components (380 ms ± 72
(SD)).

The amplitude of the N1 component correlates with
both the global spelling accuracy (P < 0.05, r = −0.55,
Figure 8(c)) and θ (P < 0.01, r = −0.72). The larger
the negative difference between the responses to target and
non-target stimuli, the higher the spelling accuracy and the
θ. This corroborates what has been already observed in
healthy subjects using the P300-speller, namely, that spelling
accuracy depends on the ability to focus on the desired
character, which yields a larger N1 response and provides a
complementary feature to the P300 in order to achieve good
classification [26].

Note that for correlations involving neg-ErrP or N1
amplitudes, values are negative since the amplitudes are
negatives.

3.6. Between-Group Differences. The low specificity group
performed spelling significantly poorer than the high speci-
ficity group (53% compared to 78%, P < 0.05). They also
benefit significantly less from automatic correction (P <
0.05): correction improved the spelling accuracy by 4% in
the high specificity group, while it degraded it by 5% in
the low specificity group (Table 1). Accordingly, participants
showing a low specificity tend to perceive the machine as less
efficient (P < 0.05) and felt like they had fewer control on
the BCI (P < 0.05). In agreement with their lower spelling
accuracy, the subjects in the low specificity group also present
a significantly lower value for θ (0.29 compared to 0.45,
P < 0.05).

Finally, the latency of neg-ErrP peak proved shorter (P <
0.05, Figure 10(b)) and the amplitude of the N1 peak proved
larger (P < 0.01, Figure 10(c)) for the high specificity group.

We found no significant differences between the two
groups on other physiological parameters or on answers to
questions Q3 to Q8.

4. Discussion

4.1. Performance in Spelling and Error Detection. We used
our own implementation of the P300-speller BCI for the
evaluation of online automatic error correction in 16 healthy
volunteers. We considered two spelling conditions, namely, a
slow and a fast mode, whose trial length was guided by our
own previous experiments [16, 22].

In the current study, the online spelling accuracy proved
fairly high. On average, participants could spell about 4.5
correct letters per minute, to be compared with 1.57 correct
letters per minute in [14]. This high performance level might
be partly attributable to the use of the xDAWN algorithm
for spatial filtering [32] and to the departure from the
row-column paradigm adapted from [23]. This initial high
spelling accuracy has to be kept in mind when interpreting
the outcome of error correction. Indeed, it might be that
the effectiveness of error detection and correction depends
upon the ongoing bit rate, which directly relies on the speed-
accuracy trade-off that was targeted when choosing specific
stimulation settings (i.e., short- or long-flash durations,
short or long sequences).

Regarding the responses to feedback, we observed fron-
to-central evoked signals whose time courses resemble the
ones that have been described recently in a BCI context
[12, 14, 16]. As we already noted in [23], those components
that are usually referred to as interaction ErrP in BCI
[2], exhibit spatial and temporal patterns that strongly
resemble the ones of feedback responses classically reported
in cognitive neuroscience studies [8]. This suggests that
although contextual modulations can be observed [33, 34],
responses to feedback may present spatial and temporal
components that are independent of the context but specific
to the core process of learning from external outcomes. It
stresses out the question of what part of the signal and
underlying process is specific to a BCI type of interaction and
what part is not.

As in a couple of earlier studies [13, 14], we showed
that those responses to feedbacks can be detected online,
from single trials. At the group level, we obtained 88% speci-
ficity and 63% sensitivity. For comparison, Dal Seno and
collaborators tested two subjects and obtained an averaged
specificity and sensitivity of 68% and 62%, respectively [13].
In nine healthy subjects, Spuler and collaborators report a
96% specificity and 40% sensitivity [14]. Note that in the
latter study, the authors used a biased classifier to favor
specificity. Indeed, a high specificity guarantees that correctly
spelled letters will not be detected as errors mistakenly.

In our experiment, we did not use a biased classifier.
However, specificity was higher than sensitivity for most of
the subjects. This is because spelling accuracy is fairly high,
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Figure 7: Grand average event-related dynamics (−250 ms to 1000 ms, channel Cz) associated with responses to correct feedbacks (black
solid line), responses to incorrect feedbacks (grey solid line), and the difference between the two (black dashed line) (a). Zero time
corresponds to feedback onset. Topographies for correct (top), incorrect trials (middle), and their difference (bottom) correspond to the
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Figure 8: (a) Amplitude of pos-ErrP as a function of the accuracy of error detection (microvolts). (b) Amplitude of neg-ErrP as a function of
the sensitivity of error detection (microvolts). (c) Amplitude of N1 as a function of the global spelling accuracy (microvolts). Each diamond
represents a participant, and R values represent correlation coefficients.

which yields much more training samples for the correct
than for the incorrect feedback responses. Indeed, sensitivity
higlhy depends upon the quality of the learning of the error
class. As an example, subject S07 made 13 errors only. In
[14], the authors recommend the use of at least 50 samples
to train the ErrP classifier. Hence, part of the interindividual
variability in sensitivity is simply due to the variability in
the initial spelling accuracy between subjects, which directly
affected the quality of the training. However, this is not
the case for specificity since as a corollary, high spelling
accuracies yield a lot of training samples for the correct class.
We obtained 84 training samples in the poorer performer
(S03).

Nevertheless, the current results for error detection
are slightly worse than the ones we obtained offline in a
previous experiment [16]. This might be due to several
factors. One factor might be the offline use of ICA, to
clean up the signals in our previous study. Second, the use
of fairly fast modes here induced smaller interval between
two consecutive feedbacks, which might have diminished
the expectancy for each new outcome. A known possible
cause for smaller feedback responses [35, 36]. The latter
effect might not be seen in patients where more sequences

would typically be implemented. However, there is certainly
room for improvement. At least two lines of research are
worse mentioning in that respect. One is to make use of
preexisting databases to tune the algorithms and suppress
individual training [14]. However, this does not seem to be
a good option in patients [14]. The second option, which
could be used in combination with the first one, would be
to use adaptive algorithms and keep updating the individual
parameters while using the BCI. Reinforcement learning
methods might prove very useful in this context [35].

4.2. Global Performance in Automatic Error Correction. The
novelty of our approach comes from the implementation and
online evaluation of automatic error correction. Whenever
an error is detected, we simply proposed to replace the
supposedly erroneous choice by our classifier’s second best
guess. We evaluated the efficiency of this automatic correc-
tion through the computation of the good correction rate
(GCR). At the group level, the GCR was equal to 34%. On
the one hand, this is much higher than chance level (1/35 =
2.86%), which speaks in favor of applying this strategy for
automatic error correction. On the other hand, this is too low
to yield a significant gain in spelling accuracy (0.5% only).
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Figure 9: Grand average event-related dynamics (−50 ms to 800 ms, channel P7) associated with responses to target flashes (black solid
line), response to non-target flashes (grey solid line), and the difference between the two (black dashed line) (a). Zero time corresponds to
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However, the meta-bit-rate is slightly better with correction
than with detection only. This highlights the efficiency of
even poor automatic error correction compared to sole error
detection which requires cumbersome additional spelling. In
order to improve the GCR, one promising option is to use
priors from a dictionary in order to bias the classifier [36].
It might improve both the initial spelling accuracy and the
ensuing GCR.

4.3. The Importance of Interindividual Differences. Beyond
results at the group level, we observe a large interindividual
variability. Specificity of error detection enabled us to clearly
distinguish between two groups of participants: the low
(<75%, N = 6) and the high (>85%, N = 10) specificity
group. Our analysis revealed that those two groups differ
not only in terms of specificity but also in terms of
electrophysiological responses, initial spelling accuracy, θ
values, and spelling accuracy gain as well as in their subjective
perception of the BCI experience.

One obvious possible explanation is that the high speci-
ficity group corresponds to subjects who were more engaged
into the task, which yields electrophysiological responses
with large signal-to-noise ratio. Indeed, the N1 and P300
responses are known to reflect the participant’s involvement
in the task ([27, 37], see also [38] for a review on the
P300 and [31] for a review on the N1). The P300 has been
shown to increase with motivation in a BCI context [39]
as well as the ensuing feedback-related negativity (the neg-
ErrP) [16, 33]. As an expected consequence of a higher
signal-to-noise ratio, the spelling accuracy increases as well
as the θ. We indeed observe that physiological amplitudes
in response to flashes, spelling accuracy, and θ are strongly
and positively correlated. Similarly, the larger the ErrP, the
more efficient the error detection, especially in terms of
specificity. This is in agreement with the correlations we
observed between the spelling accuracy, θ, and specificity and
the perception of the BCI by the user (Q1 and Q2). Indeed, a
high θ associated with an efficient ErrP classification yields
a significant improvement due to automatic correction.

All the correlations and group differences we observed are
coherent with the hypothesis of a role of task engagement.
However, we should remain cautious in our interpretations.
This assumption requires further in-depth investigations.
Indeed, we could not show any significant correlation
between objective measures and the subjective responses to
motivation-related question (viz. Q5 and Q7).

Nevertheless, our conclusion can be refined by looking
closely at the results in the high specificity group (N = 10).
In this group, only 2 subjects experienced a drop of spelling
accuracy due to automatic error correction. Accordingly,
6 subjects reported a preference in favor of a spelling
including automatic correction. Six subjects showed a higher
bit rate when using the automatic correction compared to
no correction. And 7 out of the 10 participants obtained
a higher bit rate with automatic correction compared to
automatic detection with predicted respelling. Three out of
the 4 participants, who reported preference for spelling with
no correction, did not improve their spelling accuracy with
correction. Interestingly, the last one (S10) who obtained the
largest improvement (+12%), surprisingly, reported verbally
that efficient correction required too much attentional effort.
All those results demonstrate the putative usefulness of
automatic error correction but highlight the fact that it
should certainly be used in a different way depending on the
user’s profile.

4.4. Requirements for Automatic Correction to Be Relevant.
In theory, any initial spelling accuracy could benefit from
automatic correction, provided that the sensitivity, the
specificity, and the GCR are high enough. All studies concur
in stating that specificity is a primary requirement, in order
to avoid the highly frustrating situation of automatically
discarding a correctly spelled item. But contrary to Visconti
and colleagues [15], our results show that the better the
spelling accuracy, the more relevant the correction. At first,
this might sound counter-intuitive, since the higher the
spelling accuracy, the more difficult the rare error detection.
However, we do observe that good performers achieve
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Figure 10: Grand average EEG event-related dynamics for group
with a high specificity in solid line (N = 10) and group with a low
specificity in dashed line (N = 6). (a) Responses to bad (grey) and
good feedbacks (black) in channel Cz. (b) Difference of bad and
good feedback responses in channel Cz. (c) Difference of target and
non-target responses in channel P7.

better correction. Indeed, we show that both ErrP detection
accuracy and θ (the subsequent ability to automatically
correct for errors) are closely related to the spelling accuracy.
In other words, the higher the spelling accuracy, the higher
the performance in error detection and correction. As also
supported by larger averaged ErrP and P300 responses, these
results suggest that the more the subject engages into the
task, the higher the performance in terms of both spelling
accuracy and error correction. This is a strong indication in
favor of a possible use of the P300-speller to train subjects in
their abilities to focus attention [40].

5. Conclusion

The BCI presented here is the first online P300-Speller
employing automatic correction by another item when an

ErrP is detected. Our results are competitive in terms of
ErrP detection, although they could probably be improved
using adaptive training and a biased classifier. The automatic
correction could also be improved, possibly by using the
information from a probabilistic dictionary. However, it
proved already relevant in terms of bit rate, compared to
classical automatic ErrP detection alone. It also proved
significant in most of the participants who had the best
initial spelling accuracy. Importantly, the correction needs
to be adjusted to each participant, depending on their initial
spelling accuracy and preference.
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policygradient for online learning in BCI,” International
Journal of Bioelectromagnetism, vol. 13, no. 1, pp. 52–53, 2011.

[36] T. M. Vaughan, D. J. McFarland, G. Schalk et al., “The wad-
sworth BCI research and development program: at home with
BCI,” IEEE Transactions on Neural Systems and Rehabilitation
Engineering, vol. 14, no. 2, pp. 229–233, 2006.

[37] A. Datta, R. Cusack, K. Hawkins et al., “The P300 as a marker
of waning attention and error propensity,” Computational
Intelligence and Neuroscience, vol. 2007, Article ID 93968, 9
pages, 2007.

[38] T. W. Picton, “The P300 wave of the human event-related
potential,” Journal of Clinical Neurophysiology, vol. 9, no. 4, pp.
456–479, 1992.

[39] S. C. Kleih, F. Nijboer, S. Halder, and A. Kübler, “Motivation
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We present a brain-computer interface (BCI) version of the famous “Connect Four”. Target selection is based on brain event-related
responses measured with nine EEG sensors. Two players compete against each other using their brain activity only. Importantly,
we turned the general difficulty of producing a reliable BCI command into an advantage, by extending the game play and rules, in
a way that adds fun to the game and might well prove to trigger up motivation in future studies. The principle of this new BCI is
directly inspired from our own implementation of the classical P300 Speller (Maby et al. 2010, Perrin et al. 2011). We here establish
a proof of principle that the same electrophysiological markers can be used to design an efficient two-player game. Experimental
evaluation on two competing healthy subjects yielded an average accuracy of 82%, which is in line with our previous results on
many participants and demonstrates that the BCI “Connect Four” can effectively be controlled. Interestingly, the duration of the
game is not significantly affected by the usual slowness of BCI commands. This suggests that this kind of BCI games could be of
interest to healthy players as well as to disabled people who cannot play with classical games.

1. Introduction

Driven by the needs of people with physical disabilities,
researchers have begun to work on direct brain-computer
interfaces (BCIs), in the aim of enabling them to communi-
cate and move without resorting to the usual peripheral
nervous and muscular pathways. In BCIs, users have to mani-
pulate their brain activity to produce signals that control
computers or machines directly. This is challenging for both
users and researchers. The users often need to learn how to
control the device, which is cumbersome if not impossible,
while researchers have to deal with the difficulty of pro-
cessing highly variable and noisy signals online. However,
this research could have a profound impact in various
pathologies, including those for which patients suffer from
cognitive impairments and could possibly benefit from brain
or neurofeedback training. Indeed, the latter also rests upon
our ability to extract online the neurophysiological markers
that should be fed back to the patients, so that they could
learn how to control it and yield a cognitive or behavioral
improvement [1].

The most practical and widely applicable BCI solutions
are based on noninvasive electrophysiological recordings,
namely, electroencephalography (EEG). As command sig-
nals, those BCI use event-related potentials (ERPs) like the
P300 [2] or self-regulatory activities such as changes in
cortical rhythms [3, 4].

Beyond medical applications [5–7], BCI has also a great
potential for gaming, a domain where users are open to nov-
elty and eager to face new challenges [8]. Besides, developing
video games based on BCI could prove useful in some
patients, by yielding a better efficiency and wider acceptance
of BCI-based therapies. Indeed, since the number of training
sessions required by neurological rehabilitation and training
protocols is usually much larger than the one in BCI control
applications, a motivational (more realistic and interactive)
environment as encountered in computer games could be
of great interest in that context [9, 10]. In particular, it has
been argued that BCI games could well boost motivation and
neurofeedback training performance [11]. Possible future
investments of the gaming industry in BCI software and
technologies might also stimulate the field and produce
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new devices, with engaging environments for future clinical
applications like BCI-based stroke rehabilitation and neuro-
feedback therapies [12].

There are several examples of games that have been
paired up with BCI systems yet, either by using imaginary
movement-related markers [13], P300 responses [14, 15], or
steady-state visual potentials [16]. However, only a few have
been designed for multiple players, despite the fact that com-
petition and socializing are among the strongest motivational
factors reported by users of multiplayer games online [17].

A crucial limitation to the use of BCI in gaming is the
highly unreliable nature of brain signals. The ensuing BCI
commands are difficult to interpret and provide low degrees
of freedom. In most applications, a reliable command can
only be achieved by accumulating data over long time
windows, at the expense of the primary interest of the game.
Another drawback is the obvious one of having to put
an EEG cap on, although the field has made tremendous
progress in that respect in the last few years [18]. For all
those reasons today, BCI hardly compete with traditional
game effectors such as joysticks, mice, and keyboards, at
least in healthy subjects. However, unreliable input control
could be used to extend current video games and to create a
motivating challenge for the users [19].

In this paper, we briefly report the online proof of con-
cept of a new BCI game, based on the old and well-known
“Connect Four”. It is a very popular and easy game to play,
which makes it attractive for a broad audience. The proposed
BCI version has several advantages and our first online trial
suggests it could overcome some of the current limitations of
BCI applications to gaming. Interestingly,

(i) only brain signals are required to play the game;

(ii) two subjects play against each other;

(iii) the EEG setup has been limited to nine sensors per
participant (compared to 32 in our previous experi-
mental settings);

(iv) it exploits a well-established protocol and robust
electrophysiological marker: the N1 (indeed, it has
already been shown that the early visual evoked
response plays a significant role in achieving higher
accuracies in the classical P300 Speller paradigm.
This strongly suggests that such BCIs thus highly rely
on eye gaze or overt attention [20].) and P300 evoked
response [21];

(v) it makes use of the unreliability of BCI commands
in an elegant fashion, which extends the possibilities
offered by the initial game;

(vi) its duration is comparable to the one of the tradi-
tional game play;

(vii) it holds promises for applications in patients, not
only as an entertainment but possibly as an efficient
tool for the training attention-related brain signals.

In the following, we introduce the traditional game
“Connect Four” and its adaptation to a BCI version. We
then describe our BCI implementation within the OpenViBE

Figure 1: Traditional “Connect Four”. Here, Red wins with four
coins aligned diagonally (transparency has been added here to
highlight the last command and winning command).

software environment. Finally, we report the results of a
first online evaluation in two healthy subjects as a proof of
concept to show that a BCI “Connect Four” can effectively
be controlled.

1.1. Traditional “Connect Four”. “Connect Four” is a two-
player strategy game in which players interact through a
vertical rectangular board made of 6× 7 holes (6 rows and 7
columns). Each player starts with 21 coins, either all yellow or
all red. Participants play in turn and place one coin at a time.
They pick up a column and drop a coin which will fall down
the board to the lowest available hole. The game ends when
one participant first connects four coins, either horizontally,
vertically, or diagonally. This participant is the winner of the
game (see Figure 1).

1.2. BCI “Connect Four”. In the BCI version of “Connect
Four,” we simply replace the manual drop of the coin by
a P300-based selection of the target column. The column
selection process follows the same principle as the item
selection in the well-established P300 Speller paradigm. In
the latter, a 6 × 6 matrix of symbols is usually displayed on
a computer screen for spelling. The subject has to actively
attend to the target symbol while rows and columns are
being flashed alternatively, in a random fashion. Since the
target events are rare and unpredictable, they elicit a typical
EEG evoked response, the P300 whose detection allows us to
identify the target symbol. In the “Connect Four” scenario,
only columns matter and need to be proposed. This yields a
simpler detection task and higher information transfer rate.

The P300 wave is a positive EEG deflection that occurs
approximately 300 ms after stimulus onset (flash onset). It
is typically recorded from central and parietal sensors. This
response is evoked by paying attention to rare stimuli in a
random sequence of irrelevant stimuli or distracters (the so-
called oddball paradigm) [22]. Farwell and Donchin [23]
were the first to show that the P300 component could be used
to select items displayed on a computer screen [24]. From
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Figure 2: P300-based BCI “Connect Four”. Black disks represent
the empty places. Yellow and red disks correspond to player P1
and player P2 pieces, respectively. The column made of white disks
represents a flashed column.

a cognitive perspective, the P300 can be seen as a measure of
alertness and attention orientation, thus reflecting a subject’s
general level of arousal [25].

Importantly, we build on an existing BCI system that
we extensively evaluated in previous studies [26, 27]. In
particular, we showed that a similar setup could be reliably
controlled by naive BCI subjects (N = 42), with very high
spelling accuracy (85% correct letter selection on average, for
3 flashing sequences).

2. Material and Methods

2.1. Game Rules

2.1.1. Classic Mode. In turn, players choose an empty loca-
tion based on their own strategy and aim at placing a coin
in the corresponding column. To drop a coin in the right
column, the player focuses her attention on that particular
column (Figure 2) and is advised to count the number of
times it is flashed, while avoiding to be distracted by the
flashes occurring next to it. After all columns have been
flashed (possibly several times), the most probable target
according to real-time signal processing is selected. The
player receives immediate feedback on her action. The game
ends whenever one player has been successful in connecting
four coins. Of course, each player should prevent the other
player to complete a four-coin long connection. In the classic
mode, this can only be done in turn.

2.1.2. Contest Mode. The principle is the same as for the
classic mode, except that players can interfere with the
outcome of the action of the other player. Players still act in
turn. However, when player 1 is aiming at dropping a coin,
player 2 has the possibility to modify the target column for
this coin, and vice versa. To do so, she has to enter a kind

of mind competition and her choice will eventually prevail,
provided that she could better focus her attention onto
her preferred target column. The quantitative comparison
between the attentional resources, respectively, allocated by
the two players is based on the entropy of the posterior
distribution of the target column for each player (see
Section 2.3, paragraph Classification). In short, the winner is
the one who produces the most accurate or less uncertain
command. This mode allows for simultaneous competition
between the two players and makes the interaction more
challenging.

2.2. Experimental Setup. Two players, one female (P1) and
one male (P2), aged 23 and 30 respectively, participated in
this study. All subjects had normal or corrected to normal
vision.

Players were seated 70 cm from the same 17′′ computer
screen. EEG was recorded from the two players using a single
32-channel ActiCap system with Ag/AgCl electrodes (Brain
Products, Germany). Only nine sensors were used for each
participant. The particular (centroparietal and occipital)
electrode locations were chosen in order to optimize the
signal to signal-plus-noise ratio (SSNR), according to one of
our previous P300 Speller experiment [28]. We used the fol-
lowing sites from the extended 10-10 system: P7, P3, Pz, P4,
P8, P09, O1, O2, and PO10. All electrodes were referenced
to an electrode placed on the nose and impedances were kept
below 5 kΩ for all sensors. Analog signals were amplified with
BrainAmp amplifier (powered with a rechargeable battery,
PowerPack) and digitized at a rate of 1000 Hz using the Brain
Vision Recorder software (Brain Products, Germany).

To achieve good selection of one target column among
seven, the two players were instructed not to move during
stimulations, to stare at the targeted location, and to count
how many times it was flashed.

Visual stimulations were handled by a C++/SDL software
on a dedicated computer and sent to a CRT screen in random
order. A trigger (labeled from 1 to 7, one per column) was
also sent to the EEG amplifier via parallel port (jitter <
0.1 ms). The flash duration was set to 90 ms and the time
between two flash onsets to 200 ms. We used two repetitions
per shot, meaning that each column was highlighted twice
per selection process.

Since the two players had never used such a P300-based
BCI before, we had to start with a short and simultaneous
session to calibrate the system. Subjects were given a
sequence of 63 predetermined target columns to attend to. In
practice, after each sequence of flashes for one target, the new
target was indicated by a green frame. As in the forthcoming
game, columns were flashed twice per trial during 90 ms,
with a stimulus-onset asynchrony interval (SOA) of 200 ms.
Based on those data, the feature selection and classification
algorithms were trained for each subject, respectively.

After calibration, the two subjects performed three games
in classic mode, followed by two games in contest mode. In
each game, players had 10 s to choose a target before the
columns started flashing. Finally and for each shot, each
player was requested to write down her/his actual target
number for future (offline) evaluation.
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Figure 3: OpenViBE scenario of the BCI “Connect Four”.

2.3. Online Processing. We implemented this BCI game sce-
nario in OpenViBE (OV). OV is an open source platform
to design, implement, and run BCI applications [29]. The
dedicated online data processing stream consisted in a
classical BCI pipeline made of successive modules in the
following order: data acquisition, feature selection, feature
classification, decision, and feedback (see Figure 3). Those
modules operate as follows.

Acquisition. New chunks of raw EEG data are transmitted via
TCP/IP every 20 ms. The data stream includes event markers.
The Acquisition Server application converts those streams
into OV format.

Downsampling. Data are sampled down to 100 Hz after
being passed through an antialiasing filter.

Temporal Filtering. For each channel independently, down-
sampled data are then bandpass filtered between 1 and 20 Hz
using a second-order Butterworth filter to remove very low
frequencies and the higher frequency content of EMG.

Channel Selection. The channel selector limits the 32-chan-
nel data stream to two 9-channel data streams, one for each
player.

Spatial Filtering. To extract the most relevant signal com-
ponents and to increase the signal-to-noise ratio (SNR),
we used the xDAWN algorithm which has been specifically
developed for the P300 Speller [30]. Precisely, it optimizes
orthogonal spatial filters (linear combinations of sensors) so
as to maximize the signal to signal-plus-noise ratio. We used
the first five filters (or virtual sensors) obtained from the
calibration phase, for each subject.

Epoching. Epochs are generated upon reception of a given
event marker. Seven stimulation-based epoching are per-
formed in parallel, per player branch, each epoch type being
associated with a different column. We considered 600 ms
long epochs starting at flash onset.

Classification. The temporally and spatially filtered epoched
data enter as features for subsequent classification. The aim
of classification is to disentangle between target and non-
target events. Therefore, we adapted the Bayesian approach
we used in a previous P300 Speller experiment [26].
The Bayesian procedure rests on computing the posterior
probability p(C | Y) that a given response Y pertains to the
“target” or “nontarget” class type of eventC. This conditional
density is inferred from combining two antecedents: the
prior probability p(C) and the likelihood function p(Y | C)
which embeds a probabilistic model of the data to be
observed. In the current scenario, we used a two-Gaussian
mixture likelihood function. In a previous P300 Speller
study, in twenty subjects, we had shown that this classifier
was equivalent or even better than a classical LDA [26].
Moreover, it allows for the optimal and online updating
of the posterior density, after each single new observation.
Hence starting with a uniform prior over columns (each
column is a possible target, with equal prior probability), the
posterior density is computed based on the data likelihood
and the given prior. If more data pertaining to the same shot
are provided, the current posterior is taken as the new prior,
in a Markovian fashion. In practice, online, this is performed
in two OV steps as follows.

(i) Likelihood compute: this box computes the likelihood
function for each class and each stimulus type. It
provides the results in matrix form.

(ii) Matlab Box: it communicates with the Matlab Engine
to perform matrix processing. In this scenario, it is
used to combine the likelihood values and current
priors to compute posteriors. It also makes the final
decision by indicating the most probable target a
posteriori, for each player Pi:

TCPi = argmax
k

(
p
(
k = target | YPi,k

))
, (1)

where Ypi,k indicates the observed features for player
Pi.

Importantly, this Matlab Box provides a second measure
which is the Shannon entropy of the posterior distribution
for each player:

HPi = −
∑

k

pPi,k · log
(
pPi,k

)
, (2)

where pPi,k is a short for p(k = target | Ypi,k).
Shannon entropy is used in contest mode only, as a mea-

sure of confidence in the machine’s decision. We consider
it as a proxy to the attentional resources devoted by the
subject for a particular shot. Indeed, Shannon entropy can
be compared between subjects. It is negative and bounded.
The more informed the decision, the sharper the posterior
probability distribution and the closer to zero the entropy.
To summarize, the output of the Matlab Box depends on the
game mode. In classic mode, the single output corresponds
to the estimated target for the current player. In contest
mode, the output is twofold and indicates both the winner
of the contest and the target she or he most likely selected.
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Figure 4: Visual feedback in classic (a) and contest modes (b).

VRPN Server. The final decision (the selected column) is
sent via a VRPN (Virtual-Reality Peripheral Network) analog
server to a VRPN client application host by the stimulator
[31]. This information is used to provide the two players with
visual feedback.

Feedback. In classic mode, a rectangle of the color of the
current player is displayed to indicate the selected column
(Figure 4(a)). In contest mode, a first feedback (red or yellow
smiley) appears at the center of the screen to reveal the
identity of the winner of the contest (left part of Figure 4(b)).
A second feedback, similar to the one in classic mode,
is finally provided and the coin is placed (right part of
Figure 4(b)).

3. Results

3.1. Classic Mode. Player P2 (Red) won twice and P1 (Yellow)
once. The average game duration was 4 min and 6 s, corre-
sponding to an average of 7 shots per player. Figure 5 shows
an outline of the third game.

In that game, players made almost no error (Figures 5(a)
and 5(b)). In turn 7, Red made an error; he wanted to select
the third column in order to thwart the other’s player plan to
connect four yellow coins (Figure 5(c)). Yellow won.

The average accuracy over all three games was 81.7%,
which is way above chance level (14.3% for 7 classes) and
corresponds to an information transfer rate of 35.3 bits/min.
However, P2 (Red) reached a considerably higher accuracy
than P1 (95.2% and 68.2%, resp., or 51.8 bits/min and
23.2 bits/min, resp.).

Table 1 shows the detailed results, separately for the two
players and the three games in classic mode. This highlights
the coherence between individual performance, in terms of
accuracy, entropy, and the ensuing winner in each game.

3.2. Contest Mode. Each player won one game. The average
game duration was 3 min and 37 s, corresponding to an
average of 6 shots per player. Figure 6 shows an outline of
the second game.

In this mode, both players compete to impose their own
choice, whatever the color of the coin to be placed. An
example is given in Figure 6. It was Yellow’s turn (Figures
6(a1) and 6(a2)) but the Red player won the contest
(Figure 6(a1)) and enforced the yellow coin to be placed in
the second column instead of the fourth one, which keeps the
opportunity for the Red player to win the game in the next
turn (Figure 6(a2)). However, Yellow won the next contest
(Figure 6(b1)) and prevented Red’s victory by selecting the
first column (Figure 6(b2)). In what follows, Yellow won
again and placed the red coin in the first column, hence
leaving the hole in the fourth column free (Figures 6(c1)
and 6(c2)). Finally, Yellow won the last contest and hence the
game by placing the coin in the fourth column (Figures 6(d1)
and 6(d2)).

Over all games in contest mode, Player P1 won 48%
of the contests. This indicates that both players were fully
engaged in the game and close to each other in terms of
devoted attentional resources.

Table 2 shows the detailed results, separately for the two
players and the two games in contest mode. Interestingly, in
contest mode, the player with the highest averaged accuracy
is not necessarily the end winner of the game. Neither is
the one who won most of the contests, since victory is the
result of the complex interplay between accuracy, focus of
attention, and strategy.

The average accuracy over all two games and players was
83.3%, or 37.0 bits/min. Precisely, P1 managed to increase
accuracy by 18.8% compared to classic mode, reaching an
average of 87.0% in contest mode, which corresponds to a
bit-rate increase of 17.8 bits/min. To qualitatively evaluate
this improvement, we compared the averaged features for
“target” and “nontarget” stimuli, in both modes. We com-
puted the Global Field Power (GFP) [32] over the five virtual
sensors:

GFP(t) =
5∑

i=1

(Yi(t))2, (3)

where Yi(t) is the value at the ith virtual channel, at time t.
Note, in Figure 7, that GFP increased around 200 ms and

500 ms peristimulus time, for target stimuli, in the contest
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Figure 5: Third game in classic mode. Yellow won by connecting four coins horizontally. For the purpose of illustration, the red rectangle
was made partially transparent to make all coins visible.
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Figure 6: Second game in contest mode. Yellow won by connecting four coins horizontally. For the purpose of illustration, yellow and red
rectangles are made partially transparent to make all coins visible.
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Table 1: Detailed results for the three games in classic mode.

Run Duration Winner
Classification accuracy (%) Entropy

Player 1 Player 2 Player 1 Player 2

1 5′10′′ Player 2 55,6% 100,0% 7,65E − 02 8,08E − 07

2 3′07′′ Player 2 60,0% 100,0% 1,45E − 06 1,02E − 21

3 4′01′′ Player 1 87,5% 85,7% 8,73E − 05 4,03E − 02

Table 2: Detailed results for the two games in contest mode.

Run Duration Winner
Classification accuracy (%) Entropy Contest winner %

Player 1 Player 2 Player 1 Player 2 Player 1 Player 2

1 3′07′′ Player 2 100,0% 90,0% 4,98E − 07 1,01E − 03 50,0 50,0

2 4′07′′ Player 1 76,9% 73,3% 1,29E − 02 9,09E − 03 46,7 53,3

Target
Contest mode

No target
Target

Classic mode

No target

0 200100 400300 600500
(ms)

0.4 µV2

Figure 7: Global Field Power computed over five virtual channels
for “target” and “nontarget” stimuli, in classic and contest modes
(Player 1).

versus classic mode, although there is no specific difference
in between the “nontarget” responses in the two modes. This
might reflect the actual increase in classification accuracy and
could well be a consequence of an enhanced motivation in
contest mode because motivation was found to be positively
correlated with the P300 amplitude in healthy subjects [33].

4. Discussion

BCIs were originally developed in the context of clinical
research. In this study, we developed a P300-based BCI for
gaming. Moreover, beyond most existing gaming applica-
tions of BCI, we instantiated a true online interaction, involv-
ing brain commands only, from two competing subjects, in
an existing but extended gameplay (“Connect Four”). We
showed that it is possible to take advantage of the variable
nature of brain signals and of the cognitive challenge it
takes to control their stability. This could make existing
games more attractive and motivating, for both healthy
players and patients. Through online evaluation, we observed
that a simple setup, using nine EEG sensors, was sufficient
to provide high performance comparable to our previous
studies [26, 27], suggesting that BCI “Connect Four” can
effectively be controlled, at a pace that compares to the one

of the traditional (manual) version of the game. Indeed,
although motor execution remains faster than the 2.8 s that
are needed in the present BCI implementation to select a
command, the subjective perception of this additional cost
might prove insignificant compared to the time allocated to
the planning of the next move (of the order of 10 s). More-
over, following the hypothesis that the electrophysiological
marker manipulated here, the P300, is known to reflect the
orientation of attention, this BCI game or similar ones could
prove useful in the near future, as part of a motivating system
to train attention. This encouraging proof of concept calls
for carefully designed experiments, involving a large number
of subjects or patients, to study social interactions or effects
on motivation of such an original and well-controlled BCI
environment.
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