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Abstract
Bio signal data acquisition and subsequent processing became not an option for neuroscience studies, but the requirement. A
number of publications appeared during last decade, which brought some new core conceptions of brain-machine interfaces
(BMI) as a valuable tool for science, medical and industry use and even entertainment. The BMI technology is far from
maturity yet, but the number of real world applications grows rapidly. Because of the interest to close the gap between sensor
device and driven equipment, various approaches were proposed. The purpose of this article is to propose the concept of a
universal smart interface device based on current requirements for BMI system applications. This study consists of three main
parts.
First, we briefly introduce the background and development of mind-controlled robot technologies and its applications. We
focus on main requirements and features needed to be implemented in BMI devices.
Then, a structural scheme of a portable hybrid software-driven BMI device will be briefly explained.
And, after that, we’ll review main methods and applications of BMIs in common, and proposed device, in particular, as a
driver for a number of standard neurosignal-driven equipment and different data-processing systems.
Keywords: brain-machine interface; neuroscience; magnetoencephalogram; electroencephalogram.

INTRODUCTION
A Brain-Computer Interface (BCI) is a device that
allows to control a computer by brain activity only, without
the
need
for
muscle
control.
However,
electroencephalography (EEG) as a primary data source for
such interfaces can also be reinforced with additional
methods
like
electromyography
(EMG),
electrooculography (EOG), different acceleration and
position sensors etc. That concept of merging data from
different sources proved to increase efficiency of
classification and data processing [1], as it lets to use
different noise compensation algorithms, essential for realworld applications.
Recent studies clearly shows the diversity of
concepts for such human-machine interaction devices,
ranging from older tension/resistance tele-manipulation
frameworks [2] to modern event-related potentials EEGs
hybridized with other data channels [3]. The combination
of these data channels utilized to generate drive commands
for different devices like wheelchairs [4], exoskeletons [5],
smart orthosis and prostheses [6], stimulation and feedback
systems [7] and even computer game platforms [8].
Nevertheless, the other side of having such diverse set of

data-acquisition equipment and driven machinery is the
lack of compatibility and standards in terms of data and
command formats, hardware interfaces, algorithms and
such.
As different BMIs becomes more common in
neuroscience labs and medical clinics, the concept of
assistive and restorative designs appeared [9]. Different
configurations of feedback and stimulation devices
improves rehabilitation for patients with motor and
cognitive disorders [10].
2. MATERIALS AND METHODS
2.1. EEG-based data acquisition systems. Main
concepts.
There are several approaches to brain activity
measurements, such as magnetoencephalogram (MEG),
near infrared spectroscopy (NIRS), electrocorticogram
(ECoG), functional magnetic resonance imaging (fMRI),
electroencephalogram (EEG), etc. An invasive technology
uses an array of electrodes implanted on the surface of
motor cortex. Invasive BCI systems are mostly used to
restore special sensations, such as visual sense, and motor
functions for paralyzed patients. The quality of neural
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signals is remarkably higher because microelectrodes
directly implants into the cerebral grey matter. However,
invasive BCI systems have known disadvantage of causing
immune reaction and callus, which, in most cases, leads to
regression of neuronal signal quality.
An EEG device, because of noninvasive technology,
found a wide application in both clinical and research fields
due to its low cost and portability. EEG systems records
brain signals from the scalp [11]. This method has a long
history since Berger’s works in 1935. Currently, EEG is
one of the most widely used technique in noninvasive brain
research to study correlates of perceptual, cognitive, and
motor activity associated with processing of information.
From the technical point of view EEG systems are quite
simple and consists of several (up to 256 according to [12])
dry or gelled electrodes, fixed on the surface of scalp with a
cap, semi-soft fixtures or other methods. Electrodes
connects to the processing module with low-noise wires
because of low amplitude of the signals. The processing
module usually consists of different amplifiers, bandwidth
filters and analog to digital converters (ADC). Digitized
signal then usually used as a source for classification
algorithms or just stores in some kind of memory device for
further offline processing.
Despite of its long history and technological
maturity, EEG systems rarely used outside of scientific labs
or medical clinics. The problem is the vulnerability of EEG
signal to artifacts and distortions. Besides, such systems
often needs calibration before use and assistance during set
up. Questions of the influence of the setup, system used and
repetitiveness on the result discussed in [13].
To enhance the quality of the EEG signal acquired
several methods can be used. First, it is often possible to
use less number of channels. This approach can be
advantageous because of the mostly linear correlation
between overall signal quality and number of channels. For
many real-world tasks like driving some external
equipment, there is no need to use too many channels.
According to [12]: “Results indicate that on average an
EEG montage with as few as 35 channels may be sufficient
to record the two most dominate electrocortical sources
(temporal and spatial R2 > 0.9). Correlations for additional
electrocortical sources decreased linearly such that the least
dominant sources extracted from the 35 channel dataset had
temporal and spatial correlations of approximately 0.7. This
suggests that for certain applications the number of EEG
sensors used for mobile brain imaging could be vastly
reduced, but researchers and clinicians must consider the
expected distribution of relevant electrocortical sources
when determining the number of EEG sensors necessary
for a particular application”. Besides, the influence of the
experimental setup, calibration, subject and device
configuration can also affect the digitized data according to
[13]. Considering the fact that in many studies the results,
obtained with limited number of EEG channels, were
sufficient for the target task, it is often depends more on the
researcher, then on equipment. Even for large 256-channel
systems, only 125 were usable, because of the poor
recordings due to large movement artifacts and/or
degrading electrodescalp connections [12]. Besides, the

preparation and electrode placement stage of the
experiment can be time-consuming as, on average, two
skilled research assistants took 35 min to affix an electrode
cap, 64 electrodes, apply gel, and get electrode impedances
within an acceptable range, according to [14]. No doubts,
such configuration is not acceptable for mobile or e-Health
BMI.
A novel approach to wearable EEG system was
offered in [15]. The conception of transparent EEG and
concealed EEG sensor array placed around the ear with
wireless data-transfer to smartphone showed its feasibility
and needs for further development as it seems to be the
future of BMI for mobile devices.
Next approach for enhancing the total quality of the
signal for classification is the reinforcement method, when
EEG , considering as the base signal source, merges with
the data from other types of sensors like EMG, EOG,
functional
near-infrared
spectroscopy
(fNIRS),
magnetoencephalography (MEG) etc. It leads to the idea of
hybrid BMI in different configurations, tunable for any
requirements or set up. According to [16], that approach is
feasible for restorative feedback systems too.
Hybrid BCI can be used in vast number of
configurations for various tasks. Novel approach of
improving the accuracy of classification by hybridization
becomes more and more popular. For example, study [17]
proposes a method of forging Steady state visual evoked
potentials (SSVEPs) method with the eye-tracking system
to enhance the quality of classification for 30-target
spelling
application.
The
similar
hybrid
electroencephalography–functional
near-infrared
spectroscopy (EEG–fNIRS) scheme was used to resolve
eight basic commands to control the quadcopter. The
novelty of the proposed method is that brain state selfregulation learning based on mental arithmetic and
resolving the directions of eye movements and blinks
through EEG data processing. As given EEG command had
to match with an opposing fNIRS command for the driving
command generation, the classification accuracy improved
noticeably. Besides, registering eye movement with EEG
device let to simplify the design, because separate hardware
eye-tracker became unnecessary. The study confirms the
statement of resolving the same events with different
sensors, as the common technique to process the data of
eye movement is EOG [18].
Similar NIRS-EEG hybrid device can be improved
to become portable as it was proposed in study [19]. In that
configuration, 16 EEG electrodes and eight NIRS probes (5
sources and 3 detectors) were sufficient for cognitive task
research with mental arithmetic and rest state baseline
experimental protocol. However, the subjects were sitting
still in an armchair during the experiment, so, actually,
mobility features of the device and accuracy during
movements were not tested.
Another growing trend in neuroscience is feedbackfeatured approach, also known as “closed-loop technique”.
This is more advanced scenario, when some kind of
interaction between brain state and actions exists during the
experiment or treatment. Feedback devices becomes
popular for support and rehabilitation of motor impaired
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patients, as it allows fine tuning of the feedback and
command modes. The application includes FES feedback
for gait [20], hand movement [21], and even swallow
assistance [22], different brain stimulations - transcranial
magnetic stimulation (TMS) or transcranial electric
stimulation (TES) for and mental decays [23], visual
feedback for cognitive training for older adults [24],
electrical deep brain stimulation (DBS) for patients with
advanced Parkinson’s disease [25].
Such diversity also lets to take into account another
classification of feedback-BMIs as assistive and restorative.
Assistive BMIs supports the motion intentions of the
patient without direct behavioral gains. It does not depend
of feedback or external stimulation, because even
combination of BMI with physiotherapy does not result in
effect of relevant functional improvement. Moreover, the
underlying neurophysiology of BMI therapy has not yet
fully explored to the moment [9]. Therefore, the concept of
restorative BMI is abstract to the moment.
According to [9], “BMIs may be referred to as
restorative tools when demonstrating subsequently (i)
operant learning and progressive evolution of specific brain
states/dynamics, (ii) correlated modulations of functional
networks related to the therapeutic goal, (iii) subsequent
improvement in a specific task, and (iv) an explicit
correlation between the modulated brain dynamics and the
achieved behavioral gains”.
To summarize the stated designs and requirements,
we can clearly say about the demand for portable, modular,
multi-channel autonomous device, capable to process and
store raw data from variety of sensors, provide feedback
and/or generate drive command for external robotic
devices.

2.2. Conceptual design of portable modular hybrid
device
A conceptual device with modular portable design,
rich data acquisition and processing features, numerous
interfaces was developed and tested in laboratory on
Neurobiology and Medical Physics of Immanuel Kant
Baltic Federal University.
Fig. 1 shows block schematic of the proposed design
(left side) and the photo of actual device during the
experiment (right side). Main input interface acquires data
from 16-channel EEG cap with gelled Ag/AgCl electrodes.
Raw EEG data digitized by two ADS1299 analog-to-digital
converters (ADC) in daisy-chain mode. Other interface is
RS-485 wired interface that lets connection of various
wired sensors, actuators and feedback equipment via
UART protocol. The core consists of Cortex M4
microprocessor with powerful processing capacity that
manages both ADC microchips, RS-485 interface, power
management module with 4500 mA/h battery and output
interface to Intel Edison module. USB interface, SD card
and interfaces of Intel Edison board are not shown. The
presence of powerful computer module on board gives an
opportunity to directly process biosignals and control
external devices without additional wireless or wired
transmission. Additionally, Intel Edison board is equipped
with wireless modules, so it is possible to use Wi-Fi
sensors or feedback devices too. Operation system of Intel
Edison board permits execution of Python code, written for
desktop systems, so it simplify software development and
upgrade.

Figure 1: Proposed design of a modular portable neurodevice for biosignal registration, processing and drive
command generation. Block schematic diagram (left) and photo from actual experiment with
photoplethysmography (PPG) sensor.
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For the test purposes, the device was connected to
EEG, EMG, EOG, PPG, position-accelerometer and
thermometer sensors, respectively. Results obtained proved
its feasibility as laboratory or medical device in terms of
accuracy, portability, data storage capability, low response
time [26; 27].
Proposed design is suitable for different experimental
protocols and real life applications. External robotic
exoskeletons, prosthesis/orthosis devices can connect
through wireless or wired interfaces, because processing
power of Intel Edison module allows onboard generation of
drive commands. Feedback and restorative models, in
many cases, consists of the feedback hardware and control
algorithms. Such architecture can be easily implemented
with EEG, RS-485 and Wi-Fi interfaces of the device with
all software installed on Intel Edison board. This setup
excludes the need of any PC or laptop and consists only of
sensors, neurodevice and feedback system. Portability,
wireless interface and embedded SD card slot makes the
neurodevice preferable for telemetry transmission task.
Hybrid design allows using different sensor configuration,
necessary for e-Health programs with constant and longterm monitoring. Wi-Fi protocol can be used to transmit
data to smartphone with special application installed. It
allows keeping constant connection with remote medical
database server via Internet connection of the cellphone.
Besides, this neurodevice in similar configuration can be
used for fatigue and drowsiness detection systems for truck,
train drivers and airplane pilots [28; 29; 30].
The novelty of the design is the integral structure of
the “sensor-digitizer- processor software-drive command”
chain, when every operation can be performed on single
board. Many real-time BCI models are highly affected by
delays between data acquisition and command generation.
As many algorithms based on sliding window, even 0..2 sec
time frame can be not sufficient to control fast mobile
device, for example, quadcopter [18], and additional stages
of coding/decoding, transmitting, etc., makes the situation
even worse.
This way, proposed “all-in-one board” concept can
become the best solution, as it minimize the number of
steps and execution time for the driver algorithm. Fig. 2
shows block schematic diagram for open-loop hybrid
device data flow, capable to store (and transmit) the
obtained data on all stages, which makes it adaptive to
variety of protocols.
An ability to not just process, but also store and
transmit data is valuable for telemetry, e-Health and postprocessing research systems. Stored pre-processed data can
later be used to train classifiers and as the reference for
neural networks. In combination with class and feature sets
these data blocks forms a complete model for neural
network. Open-loop systems covers mostly any
configuration of driven robotic equipment or stimulation
system, but cannot provide therapeutic or learning effect.
From the other side, restorative interfaces attracts interest
in both the scientific and medical communities.

Figure 2: Open-loop algorithm data flow and processing
stages.

3. RESULTS AND DISCUSSION.
Restorative BMIs, based on neurofeedback
paradigm, requires closed-loop design of the device and
strong supplemental theoretical foundation. Because of the
relative novelty and immaturity of the restorative BMI
paradigm there is no unified classification of experimental
or clinical protocols and designs.
Many existing neurofeedback protocols targets
different neuronal phenomena observed in EEG
measurement. Such protocols differ regarding the
frequency band addressed (e.g., alpha-, beta, theta-,
gamma-training), the utilization of different electrode
locations (Fz, Cz, Fz1, etc.), and the recording of the EEG
under different activity states of the subjects, e.g., eyesopen or eyes closed. Based on findings about hippocampal
theta-rhythm and its relation to memory, for example, a
theta-upregulation neurofeedback at electrode Pz was
performed which indeed led to improved memory
consolidation (Reiner et al., 2014). Notably, different
protocols can influence varying brain networks as long as
they rely on biologically relevant frequencies (Hutcheon
and Yarom, 2000). A protocol can be considered
operational, if the EEG signal is modulated in accordance
with instructions, even though such changes might not
always be accompanied by cognitive or behavioral
changes; the latter, however, usually is the aim of most
neurofeedback studies, according to [31].
Fig. 3 shows an overview of main areas, given to
neurofeedback applications. That figure is an excerpt from
the article [31] and, in our opinion, clearly illustrates
current view on neurofeedback applications. As it can be
clearly seen, areas of applications can be divided into three
threads, depending of the task of learning. Feedback
systems as a therapeutic tool is two-stage algorithm. First,
after the observation of patient’s brain activity and
comparing it to the reference set of parameters of healthy
subjects, the protocol of stimulation has to be defined.
According to [25], certain combinations of oscillations,
mostly in theta- and beta- band, can be utilized as
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biomarkers. Such biomarkers can be resolved and classified
with adaptive feedback algorithms. The purpose of the
stimulation is the correction of brain state parameters and
bring it closer to normal, affecting target motor or cognitive
functions of the patient or subject. The term “feedback” can
mean certain combinations of oscillations, registered via
EEG, muscle activity, recorded with EMG, actual physical
movement or any other feature. In any case, the feedback
from the subject has to be relative to some criterion, and
feature of brain activity has to meet some threshold or state.
As every application means certain degree of voluntary
control of the brain state, the subject

became an important part of the scheme. Not all subjects
can benefit from such reinforcement learning and according
to [31] about one third of all participants not able to show
any long-term gains or cannot achieve the desired state of
brain. However, feedback paradigm is still one of the most
promising and perspective, because of the rapid
development of hardware and software components for
neurodevices. Feedback devices heavily depends on robust
algorithms and complex mathematical models [25] because
of the requirement to adapt to individual type and level of
feedback of subject or patient.

Figure 3: An overview of main neurofeedback application areas according to [20]

Figure 4: Main steps of closed-loop feedback algorithm
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The similar approach leads to experimental and
peak-performance protocol. Cognitive functions and its
relation to brain activity still the subject of scientific
interest, so feedback systems utilized in many ongoing
researches.
All feedback systems designed to work in cyclic
fashion, providing stimulation and reading feedback
parameters from the Learner. Fig. 4 shows block diagram
for closed-loop feedback system.
As it can be seen, the whole sequence is made as
constant adaptation loop. The structure of the feedback
signal can be quite complex, and, for EEG recordings, can
include EMG signals. Muscles on the head (occipitofrontal,
auricular and temporal muscles) or even more distant, can
interfere with EEG on higher frequencies with most of the
power between 20 Hz and 150Hz. So, in fact, signal
recorded by EEG electrodes is a mixture of different
oscillations and can consist of inherit brain oscillations,
voluntary modulation of brain state and involuntary head
muscle contractions, connected with mental efforts to
achieve brain self-regulation. Recent study [32] discovered
extensive muscle employment, which increased during the
training sessions. Automatic online muscle control was
suggested not only as the requirement for quality EEG
signal, but for genuine BMI-feedback training.
Based on aforementioned protocols and descriptions
it is possible to list set of common requirements for BMI
and propose unified hardware platform. Proposed
neurodevice has a number of features to suit current and
perspective experimental protocols:
-portability and compatibility with current and
perspective sensors. Proposed neurodevice has
independent power module, equipped with 4500
mA/h battery, different wired (USB, RS-485,
analog) and wireless (Wi-Fi) interfaces, capable to
temporary store data on memory SD card.
-hybrid feature. An option to use different sensors and
sensor arrays and embedded pre-processing and
processing modules permits different hybrid
configuration. Ability to acquire data from
different sensors (e.g. EEG, EMG, EOG, PPG and
thermometer) was demonstrated during test phase.
- Telemetry. Proposed device can store, process and
transmit data from all sensors.
-generating drive commands for external robotic
equipment. Embedded powerful processing
module Intel Edison can handle complex
calculations and software and capable to execute
Python code written for desktop computer, that
simplify programming and software update. Wired
and wireless interfaces can connect different types
of actuators or electronic control boards.
Closed-loop feedback applications has slightly
different requirement set, mostly because of the demand to
adapt for individual parameters of each subject and flexible
experiment protocols.
- Software and hardware update. The neurodevice
has USB, Wi-Fi hardware interfaces and Linux

operation system, that makes software update
easy. Modularized architecture allows cascading
of such devises (as wireless network nodes) for
external or offline processing and scalability.
- Two-stage processing (Cortex M4 and Intel
Edison) allowed to separate software applications
into pre-processing and processing stages. As all
calculations and command generation performed
“onboard”, neurodevice can execute real-time
feedback applications with low latency.
- Different stimulation methods and feedback.
Proposed neurodevice is capable to connect all
modern sensors from analog to wired RS-485
UART and smart Wi-Fi models. The same is
applicable for stimulation and feedback
equipment. As most part of stimulation (FES,
TES) devices controlled by computer, the
neurodevice can connect as network node.
- Logging. Feedback training can last for numerous
prolonged sessions, so logging of parameters is
valuable. The neurodevice has SD-card slot
onboard, so logging is a matter of software
installed.
Proposed device is not a universal single choice for
everything, of cause. A number of issues are a subject of
future development and study. Among them: latency tests,
position resolution for driven robotic arm, artificial neural
net for control module, etc. Proposed device may become
an illustration of classical hardware design merged with
Internet of Things approach “all-in-one board”. This
promising combination can become very popular within “eHealth” and “remote medicine” concepts. Besides, as was
shown, modern BMIs has many similar or identical
modules, so unified approach seems logical. Moreover,
recent studies, such as [33] proposes standard approach for
neuroimaging data processing. Standard software libraries
and utilities for pre and post processing of neuroimaging
data receiving considerable attention by the community. A
further contribution may be creating similar standards for
EEG signal processing and drive command generation for
BMI devices.
Another perspective task is adding multi-mode
capability to the device. According to e-Health conception,
patients goes though different activities in daily life,
interacting with different smart devices, and, at the same
time, keeps connection to health center. From technical
side, it can be described as a mixture of sensors and
systems connections/disconnections events, running
different software modules, storage and transmitting
telemetry data.
“In order for neurofeedback to be effective as a tool
for cognitive enhancements or clinical applications, it needs
to be shown that learned self-regulation transfers to
situations where neurofeedback is not available anymore,
and that learned self-regulation is maintained beyond the
initial training period” [34]. Such approach dictates
constant monitoring of physiological parameters of patient
or subject and demand to tune the stimulation or feedback
to achieve the best gain.
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4. CONCLUSION
BMIs became a valuable standard tool for brainmachine interaction for researchers, doctors and engineers.
With time, purpose and limitations of BMIs became clearer
and sets of requirements has been defined. A number of
studies was analyzed and common features briefly
explained. A compact hybrid neurodevice that meets most
experimental set ups and protocols was proposed. Its main
features are portability and processing capacity, different
wired and wireless interfaces and onboard storage,
mobility. The feasibility of the device was proved in test
phase, but further development needed to evaluate its
practical applications and limitations. A brief discussion
revealed the demand for further concept development in
terms of standards and hardware/software design to comply
the e-Health paradigm.
ACKNOWLEDGEMENTS
This work was supported by the Ministry of
Education and Science of the Russian Federation grant
RFMEFI57815X0140.
[1]
[2]

[3]

[4]
[5]

[6]

[7]

[8]
[9]
[10]
[11]
[12]
[13]

[14]

REFERENCES
Amiri S, Fazel-Rezai R and Asadpour V. (2013). A Review of
Hybrid Brain-Computer Interface Systems. Advances in HumanComputer Interaction, 2013: 8
Amjadi M, Kyung K-U, Park I. and Sitti M. (2016). Stretchable,
Skin‐Mountable, and Wearable Strain Sensors and Their Potential
Applications: A Review. Advanced Functional Materials, 26(11):
11669–1848
Banville HJ. and Falk TH. (2016). Recent advances and open
challenges in hybrid brain-computer interfacing: a technological
review of non-invasive human research. Brain-Computer Interfaces,
3(1): 9-46
Fernández-Rodríguez Á, Velasco-Álvarez F. and Ron-Angevin R.
(2016). Review of real brain-controlled wheelchairs. J. Neural Eng.
13: 061001.
Soekadar SR, Witkowski M, Vitiello N. and Birbaumer N. (2015).
An EEG/EOG-based hybrid brain-neural computer interaction
(BNCI) system to control an exoskeleton for the paralyzed hand.
Biomed Tech (Berl), 60(3):199-205.
Madusanka DGK, Wijayasingha LNS, Gopura RARC,
Amarasinghe YWR. and Mann GKI. (2015). A review on hybrid
myoelectric control systems for upper limb prosthesis. Moratuwa
Engineering Research Conference (MERCon). Date View august
17, 2017 http://dl.lib.mrt.ac.lk/handle/123/11115.
Vuckovic A, Wallace L. and Allan DB. (2015). Hybrid braincomputer interface and functional electrical stimulation for
sensorimotor training in participants with tetraplegia: a proof-ofconcept study. JNPT , 39: 3–14.
Martišius I. and Damaševičius R. (2016) A prototype SSVEP based
real time BCI gaming system. Computational Intelligence and
Neuroscience, 2016: 15
Gharabaghi A. (2016). What turns assistive into restorative brainmachine interfaces? Front. Neurosci., 10: 456
Chaudhary U, Birbaumer N. and Ramos-Murguialday A. (2016).
Brain-computer interfaces for communication and rehabilitation.
Nat Rev Neurol., 12(9): 513-25.
Mao X, Li M, Li W, Niu L, Xian B, Zeng M. and Chen G. (2017).
Progress in EEG-Based Brain Robot Interaction Systems.
Computational Intelligence and Neuroscience, 2017: 25
Lau TM., Gwin JT. and Ferris DP. (2012). How many electrodes
are really needed for EEG-based mobile brain imaging? Journal of
Behavioral and Brain Science, 2(3): 4
Melnik A, Legkov P, Izdebski K, Kärcher SM, Hairston WD, Ferris
DP. and König P. (2017). Systems, Subjects, Sessions: To What
Extent Do These Factors Influence EEG Data? Front. Hum.
Neurosci., 11: 150.
Krigolson OE, Williams CC, Norton A, Hassall CD. and Colino FL.
(2017). Choosing MUSE: Validation of a Low-Cost, Portable EEG
System for ERP Research. Front. Hum. Neurosci., 11: 109.

[15] Bleichner MG. and Debener S. (2017). Concealed, unobtrusive earcentered EEG acquisition: cEEGrids for transparent EEG. Front.
Hum. Neurosci., 11: 163.
[16] Perronnet L, Lécuyer A, Mano M, Bannier E, Lotte F, Clerc M.and
Barillot C. (2017). Unimodal versus bimodal EEG-fMRI
neurofeedback of a motor imagery task. Front. Hum. Neurosci., 11:
193
[17] Stawicki P, Gembler F, Rezeika A. and Volosyak I. (2017). A
Novel Hybrid Mental Spelling Application Based on Eye Tracking
and SSVEP-Based BCI. Brain Sci., 7(4): 35.
[18] Khan MJ. and Keum-Shik H. (2017). Hybrid EEG–fNIRS-Based
Eight-Command Decoding for BCI: Application to Quadcopter
Control Front. Neurorobot., 11: 6.
[19] Shin J, Müller K-R, Schmitz CH, Kim D-W. and Hwang H-J.
(2017). Evaluation of a Compact Hybrid Brain-Computer Interface
System. BioMed Research International, 2017: 6820482
[20] King CE, Wang PT, McCrimmon Cm, Chou CC, Do AH. And
Nenadic Z. (2015). The feasibility of a brain-computer interface
functional electrical stimulation system for the restoration of
overground walking after paraplegia. Journal of NeuroEngineering
and Rehabilitation. DOI: 10.1186/s12984-015-0068-7.
[21] Belardinelli P, Laer L, Ortiz E, Braun C. and Gharabaghi A. (2017).
Plasticity of premotor cortico-muscular coherence in severely
impaired stroke patients with hand. Neuroimage Clin., 14: 726–733.
[22] Lee Y, Nicholls B, Lee DS, Chen Y, Chun Y, Ang CS. and Yeo WH. (2017). Soft Electronics Enabled Ergonomic Human-Computer
Interaction for Swallowing Training. Sci Rep., 7: 46697
[23] Pinault D. A (2017). Neurophysiological Perspective on a
Preventive Treatment against Schizophrenia Using Transcranial
Electric Stimulation of the Corticothalamic Pathway. Brain Sci., 7:
34.
[24] Jiang Y, Abiri R. and Zhao X. (2017). Tuning Up the Old Brain
with New Tricks: Attention Training via Neurofeedback.
https://doi.org/10.3389/fnagi.2017.00052.
[25] Karamintziou SD, Custódio AL, Piallat B, Polosan M, Chabardès
S. and Stathis PG, et al. (2017). Algorithmic design of a noiseresistant and efficient closed-loop deep brain stimulation system: A
computational approach. PLoS ONE, 12(2): e0171458.
[26] Shusharina NN, Bogdanov EA, Botman SA, Silina EV, Stupin VA.
and Patrushev MV. (2016). Development of the Brain-computer
Interface Based on the Biometric Control Channels and Multimodal Feedback to Provide A Human with Neuro-electronic
Systems and Exoskeleton Structures to Compensate the Motor
Functions. Biosci Biotech Res Asia, 13(3), Date View September
05, 2017 http://dx.doi.org/10.13005/bbra/2295.
[27] Shusharina NN, Bogdanov EA, Petrov VA, Silina EV. and
Patrushev MV. (2016). Multifunctional Neurodevice for
Recognition of Electrophysiological Signals and Data Transmission
in an Exoskeleton Construction. Biol Med (Aligarh), 8: 331.
[28] Chai R, Lihg SH, San PP, Naik GR, Nguyen Tn. and Tran Y, et al.
(2017). Improving EEG-Based Driver Fatigue Classification Using
Sparse-Deep Belief Networks. Front. Neurosci., 11: 103
[29] Nguyen T, Ahn S, Jang H, Jun SC. and Kim JG. (2017). Utilization
of a combined EEG/NIRS system to predict driver drowsiness. Sci
Rep., 7: 43933.
[30] Zhang X, Li J, Liu Y, Zhang Z, Wang Z. and Luo D, et al. (2017).
Design of a fatigue detection system for high-speed trains based on
driver vigilance using a wireless wearable EEG. Sensors, 17(3):
486.
[31] Enriquez-Geppert S, Huster RJ. and Herrmann CS. (2017). EEGneurofeedback as a tool to modulate cognition and behavior: a
review tutorial. Front. Neurosci., 11: 51
[32] Paluch K, Jurewicz K, Rogala J, Krauz R, Szczypińska M. and
Mikicim M, et al. (2017). Beware: Recruitment of Muscle Activity
by the EEG-Neurofeedback Trainings of High Frequencies. Front.
Neurosci., 11: 119
[33] Savio AM, Schutte M, Graña M. and Yakushev I. (2017). Pypes:
workflows for processing multimodal neuroimaging data. Front.
Neurosci., 11: 25
[34] Robineau F, Meskaldji DE, Koush Y, Rieger SW, Mermoud C. and
Morgenthaler S, et al. (2017). Maintenance of voluntary selfregulation learned through real-time fMRI neurofeedback. Front.
Neurosci., 11: 131

2188

