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INTRODUCTIONINTRODUCTIONINTRODUCTIONINTRODUCTION

A brain-computer interface (BCI) is a communication system that allows a subject to actA brain-computer interface (BCI) is a communication system that allows a subject to actA brain-computer interface (BCI) is a communication system that allows a subject to actA brain-computer interface (BCI) is a communication system that allows a subject to act
on his/her environment solely by means of his/her thoughts, i.e. without using the brain’son his/her environment solely by means of his/her thoughts, i.e. without using the brain’son his/her environment solely by means of his/her thoughts, i.e. without using the brain’son his/her environment solely by means of his/her thoughts, i.e. without using the brain’s

normal output pathways of muscles or peripheral nerves [1]. Non-invasive BCIs relynormal output pathways of muscles or peripheral nerves [1]. Non-invasive BCIs relynormal output pathways of muscles or peripheral nerves [1]. Non-invasive BCIs relynormal output pathways of muscles or peripheral nerves [1]. Non-invasive BCIs rely

on electroencephalographic (EEG) or magnetoencephalographic (MEG) measurementson electroencephalographic (EEG) or magnetoencephalographic (MEG) measurementson electroencephalographic (EEG) or magnetoencephalographic (MEG) measurementson electroencephalographic (EEG) or magnetoencephalographic (MEG) measurements

of the brain’s activity to read out the intentions of the subject and translate them intoof the brain’s activity to read out the intentions of the subject and translate them intoof the brain’s activity to read out the intentions of the subject and translate them intoof the brain’s activity to read out the intentions of the subject and translate them into

commands for a computerized system.commands for a computerized system.commands for a computerized system.commands for a computerized system.

In recent years, the use of EEG signals in BCI implementations has improved dueIn recent years, the use of EEG signals in BCI implementations has improved dueIn recent years, the use of EEG signals in BCI implementations has improved dueIn recent years, the use of EEG signals in BCI implementations has improved due

to a widespread research effort. However, the use of MEG data in BCI is still limitedto a widespread research effort. However, the use of MEG data in BCI is still limitedto a widespread research effort. However, the use of MEG data in BCI is still limitedto a widespread research effort. However, the use of MEG data in BCI is still limited

because of the expensive technology associated to MEG, its immobility, and its signalsbecause of the expensive technology associated to MEG, its immobility, and its signalsbecause of the expensive technology associated to MEG, its immobility, and its signalsbecause of the expensive technology associated to MEG, its immobility, and its signals

being vulnerable to urban magnetic noise which can be six orders of magnitude largerbeing vulnerable to urban magnetic noise which can be six orders of magnitude largerbeing vulnerable to urban magnetic noise which can be six orders of magnitude largerbeing vulnerable to urban magnetic noise which can be six orders of magnitude larger

than the measured magneticthan the measured magneticthan the measured magneticthan the measured magnetic fifififields [2]. Still, the use of MEG data in BCI is consideredelds [2]. Still, the use of MEG data in BCI is consideredelds [2]. Still, the use of MEG data in BCI is consideredelds [2]. Still, the use of MEG data in BCI is considered

due to intrinsic advantages compared to EEG: the electric potentials measured by EEGdue to intrinsic advantages compared to EEG: the electric potentials measured by EEGdue to intrinsic advantages compared to EEG: the electric potentials measured by EEGdue to intrinsic advantages compared to EEG: the electric potentials measured by EEG
are distorted by the inhomogeneities of extracerebral tissues, whereas the magneticare distorted by the inhomogeneities of extracerebral tissues, whereas the magneticare distorted by the inhomogeneities of extracerebral tissues, whereas the magneticare distorted by the inhomogeneities of extracerebral tissues, whereas the magnetic fifififieldseldseldselds

are not affected as long as the electric inhomogeneities are concentric. Therefore, MEGare not affected as long as the electric inhomogeneities are concentric. Therefore, MEGare not affected as long as the electric inhomogeneities are concentric. Therefore, MEGare not affected as long as the electric inhomogeneities are concentric. Therefore, MEG

signals are more local than the corresponding EEG signals. Also, MEG is easier tosignals are more local than the corresponding EEG signals. Also, MEG is easier tosignals are more local than the corresponding EEG signals. Also, MEG is easier tosignals are more local than the corresponding EEG signals. Also, MEG is easier to

interpret than EEG because no reference is needed in MEG measurements. Then, theinterpret than EEG because no reference is needed in MEG measurements. Then, theinterpret than EEG because no reference is needed in MEG measurements. Then, theinterpret than EEG because no reference is needed in MEG measurements. Then, the

use of MEG in BCI will probably spread in the future as those advantages are exploited,use of MEG in BCI will probably spread in the future as those advantages are exploited,use of MEG in BCI will probably spread in the future as those advantages are exploited,use of MEG in BCI will probably spread in the future as those advantages are exploited,

and as technology progresses to the point of having portable MEG devices (see e.g., [3]).and as technology progresses to the point of having portable MEG devices (see e.g., [3]).and as technology progresses to the point of having portable MEG devices (see e.g., [3]).and as technology progresses to the point of having portable MEG devices (see e.g., [3]).
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Current BCIs rely on different neuromechanisms as control signals [4], but theCurrent BCIs rely on different neuromechanisms as control signals [4], but theCurrent BCIs rely on different neuromechanisms as control signals [4], but theCurrent BCIs rely on different neuromechanisms as control signals [4], but the

most commonly used are those originated from sensorimotor brain activity such asmost commonly used are those originated from sensorimotor brain activity such asmost commonly used are those originated from sensorimotor brain activity such asmost commonly used are those originated from sensorimotor brain activity such as

changes in brain rhythms (mu, beta, and gamma), movement-related potentials, andchanges in brain rhythms (mu, beta, and gamma), movement-related potentials, andchanges in brain rhythms (mu, beta, and gamma), movement-related potentials, andchanges in brain rhythms (mu, beta, and gamma), movement-related potentials, and

other event-related potentials extracted from EEG/MEG signalsother event-related potentials extracted from EEG/MEG signalsother event-related potentials extracted from EEG/MEG signalsother event-related potentials extracted from EEG/MEG signals fifififiltered to frequenciesltered to frequenciesltered to frequenciesltered to frequencies

below 30 Hz [5]. Recently, BCI systems based on non-movement mental tasks have beenbelow 30 Hz [5]. Recently, BCI systems based on non-movement mental tasks have beenbelow 30 Hz [5]. Recently, BCI systems based on non-movement mental tasks have beenbelow 30 Hz [5]. Recently, BCI systems based on non-movement mental tasks have been

developed, specially those based in motor imagery, as their characteristic EEG/MEGdeveloped, specially those based in motor imagery, as their characteristic EEG/MEGdeveloped, specially those based in motor imagery, as their characteristic EEG/MEGdeveloped, specially those based in motor imagery, as their characteristic EEG/MEG

signals are closely related to movement planning, which is a relatively straight-forwardsignals are closely related to movement planning, which is a relatively straight-forwardsignals are closely related to movement planning, which is a relatively straight-forwardsignals are closely related to movement planning, which is a relatively straight-forward

task to detect [6]. BCI systems based on cognitive signals may also assume that differenttask to detect [6]. BCI systems based on cognitive signals may also assume that differenttask to detect [6]. BCI systems based on cognitive signals may also assume that differenttask to detect [6]. BCI systems based on cognitive signals may also assume that different

mental tasks (e.g., solving a multiplication problem, imaging a 3D object, and mentalmental tasks (e.g., solving a multiplication problem, imaging a 3D object, and mentalmental tasks (e.g., solving a multiplication problem, imaging a 3D object, and mentalmental tasks (e.g., solving a multiplication problem, imaging a 3D object, and mental

counting) lead to distinct, task-specicounting) lead to distinct, task-specicounting) lead to distinct, task-specicounting) lead to distinct, task-specifififific distributions of EEG/MEG patterns [7]. In anyc distributions of EEG/MEG patterns [7]. In anyc distributions of EEG/MEG patterns [7]. In anyc distributions of EEG/MEG patterns [7]. In any
case, cognitive tasks have shown some advantages compared to sensorimotor ones, suchcase, cognitive tasks have shown some advantages compared to sensorimotor ones, suchcase, cognitive tasks have shown some advantages compared to sensorimotor ones, suchcase, cognitive tasks have shown some advantages compared to sensorimotor ones, such

like easier discrimination due to their larger amplitude and longer duration, less skilllike easier discrimination due to their larger amplitude and longer duration, less skilllike easier discrimination due to their larger amplitude and longer duration, less skilllike easier discrimination due to their larger amplitude and longer duration, less skill

and training time required to control them at will, and moreand training time required to control them at will, and moreand training time required to control them at will, and moreand training time required to control them at will, and more flflflflexibility to relate them toexibility to relate them toexibility to relate them toexibility to relate them to

a person’s specia person’s specia person’s specia person’s specifififific ability [8].c ability [8].c ability [8].c ability [8].

The aim of this paper is twofold. First, this paper brieThe aim of this paper is twofold. First, this paper brieThe aim of this paper is twofold. First, this paper brieThe aim of this paper is twofold. First, this paper brieflflflfly reviews the use of EEG/MEGy reviews the use of EEG/MEGy reviews the use of EEG/MEGy reviews the use of EEG/MEG

data of cognitive processes in the implementation of BCIs. In specidata of cognitive processes in the implementation of BCIs. In specidata of cognitive processes in the implementation of BCIs. In specidata of cognitive processes in the implementation of BCIs. In specifififific, this paper looksc, this paper looksc, this paper looksc, this paper looks

at the neuromechanisms, signal features, and processing methods used to develop aat the neuromechanisms, signal features, and processing methods used to develop aat the neuromechanisms, signal features, and processing methods used to develop aat the neuromechanisms, signal features, and processing methods used to develop a

cognitive EEG/MEG data-based BCI system. The second aim of this paper is to bring tocognitive EEG/MEG data-based BCI system. The second aim of this paper is to bring tocognitive EEG/MEG data-based BCI system. The second aim of this paper is to bring tocognitive EEG/MEG data-based BCI system. The second aim of this paper is to bring to

the reader’s attention some of the author’s work in the area of detection and classithe reader’s attention some of the author’s work in the area of detection and classithe reader’s attention some of the author’s work in the area of detection and classithe reader’s attention some of the author’s work in the area of detection and classifififificationcationcationcation

of cognitive signals for BCIs using variability enhancement, parametric modeling, andof cognitive signals for BCIs using variability enhancement, parametric modeling, andof cognitive signals for BCIs using variability enhancement, parametric modeling, andof cognitive signals for BCIs using variability enhancement, parametric modeling, and

spatialspatialspatialspatial fifififiltering, as well as recent developments in BCI performance evaluation. Suchltering, as well as recent developments in BCI performance evaluation. Suchltering, as well as recent developments in BCI performance evaluation. Suchltering, as well as recent developments in BCI performance evaluation. Such
work is part of the author’s efforts to help developing a BCI system in realistic workingwork is part of the author’s efforts to help developing a BCI system in realistic workingwork is part of the author’s efforts to help developing a BCI system in realistic workingwork is part of the author’s efforts to help developing a BCI system in realistic working

conditions.conditions.conditions.conditions.

BCI SYSTEMS BASED ON COGNITIVE SIGNALSBCI SYSTEMS BASED ON COGNITIVE SIGNALSBCI SYSTEMS BASED ON COGNITIVE SIGNALSBCI SYSTEMS BASED ON COGNITIVE SIGNALS

The most recent achievements on using cognitive signals in BCI systems have involvedThe most recent achievements on using cognitive signals in BCI systems have involvedThe most recent achievements on using cognitive signals in BCI systems have involvedThe most recent achievements on using cognitive signals in BCI systems have involved

the development of powerful signal processing techniques to enable reliable and accuratethe development of powerful signal processing techniques to enable reliable and accuratethe development of powerful signal processing techniques to enable reliable and accuratethe development of powerful signal processing techniques to enable reliable and accurate

control over mental tasks. However, most of the work done in this area has been basedcontrol over mental tasks. However, most of the work done in this area has been basedcontrol over mental tasks. However, most of the work done in this area has been basedcontrol over mental tasks. However, most of the work done in this area has been based
on EEG data of motor imagery tasks. Some of the feature extraction methods often usedon EEG data of motor imagery tasks. Some of the feature extraction methods often usedon EEG data of motor imagery tasks. Some of the feature extraction methods often usedon EEG data of motor imagery tasks. Some of the feature extraction methods often used

include spectral parameters, parametric modeling, signal complexity, eigenvalues ofinclude spectral parameters, parametric modeling, signal complexity, eigenvalues ofinclude spectral parameters, parametric modeling, signal complexity, eigenvalues ofinclude spectral parameters, parametric modeling, signal complexity, eigenvalues of

correlation matrix, among others (see [4] for a comprehensive survey of methods). Still,correlation matrix, among others (see [4] for a comprehensive survey of methods). Still,correlation matrix, among others (see [4] for a comprehensive survey of methods). Still,correlation matrix, among others (see [4] for a comprehensive survey of methods). Still,

little attention has been paid to the ways of generating and controlling EEG activity [9].little attention has been paid to the ways of generating and controlling EEG activity [9].little attention has been paid to the ways of generating and controlling EEG activity [9].little attention has been paid to the ways of generating and controlling EEG activity [9].

While technological advances are essential, reliability of BCI systems will also beWhile technological advances are essential, reliability of BCI systems will also beWhile technological advances are essential, reliability of BCI systems will also beWhile technological advances are essential, reliability of BCI systems will also be

ininininflflflfluenced by user’s performance, as some tasks may be inappropriate for certain groupsuenced by user’s performance, as some tasks may be inappropriate for certain groupsuenced by user’s performance, as some tasks may be inappropriate for certain groupsuenced by user’s performance, as some tasks may be inappropriate for certain groups

of subjects. For instance, motor imagery may be difof subjects. For instance, motor imagery may be difof subjects. For instance, motor imagery may be difof subjects. For instance, motor imagery may be diffififificult for a person who has beencult for a person who has beencult for a person who has beencult for a person who has been

paralyzed for many years, as visual tasks and feedback may be inappropriate for someparalyzed for many years, as visual tasks and feedback may be inappropriate for someparalyzed for many years, as visual tasks and feedback may be inappropriate for someparalyzed for many years, as visual tasks and feedback may be inappropriate for some

visually impaired people. In [10], four different cognitive tasks were investigated invisually impaired people. In [10], four different cognitive tasks were investigated invisually impaired people. In [10], four different cognitive tasks were investigated invisually impaired people. In [10], four different cognitive tasks were investigated in

order toorder toorder toorder to fifififind EEG patterns that could be differentiated most reliably: spatial navigationnd EEG patterns that could be differentiated most reliably: spatial navigationnd EEG patterns that could be differentiated most reliably: spatial navigationnd EEG patterns that could be differentiated most reliably: spatial navigation

around a familiar environment, auditory imagery of a familiar tune, and right and leftaround a familiar environment, auditory imagery of a familiar tune, and right and leftaround a familiar environment, auditory imagery of a familiar tune, and right and leftaround a familiar environment, auditory imagery of a familiar tune, and right and left
imaginary movements of the hand. One important conclusion of this study is that theimaginary movements of the hand. One important conclusion of this study is that theimaginary movements of the hand. One important conclusion of this study is that theimaginary movements of the hand. One important conclusion of this study is that the

selection of the cognitive task has to be done accordingly to the subject’s best capacities,selection of the cognitive task has to be done accordingly to the subject’s best capacities,selection of the cognitive task has to be done accordingly to the subject’s best capacities,selection of the cognitive task has to be done accordingly to the subject’s best capacities,

i.e. the reliability of tasks needs to be evaluated.i.e. the reliability of tasks needs to be evaluated.i.e. the reliability of tasks needs to be evaluated.i.e. the reliability of tasks needs to be evaluated.

One of the few examples of BCI systems based on cognitive signals different to motorOne of the few examples of BCI systems based on cognitive signals different to motorOne of the few examples of BCI systems based on cognitive signals different to motorOne of the few examples of BCI systems based on cognitive signals different to motor

imagery is the work in [7], where more complex cognitive processes were considered: aimagery is the work in [7], where more complex cognitive processes were considered: aimagery is the work in [7], where more complex cognitive processes were considered: aimagery is the work in [7], where more complex cognitive processes were considered: a
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baseline task, mental multiplication, geometricbaseline task, mental multiplication, geometricbaseline task, mental multiplication, geometricbaseline task, mental multiplication, geometric fifififigure rotation, mental letter composing,gure rotation, mental letter composing,gure rotation, mental letter composing,gure rotation, mental letter composing,

and visual counting. Even though this work reported excellent results in classifying suchand visual counting. Even though this work reported excellent results in classifying suchand visual counting. Even though this work reported excellent results in classifying suchand visual counting. Even though this work reported excellent results in classifying such

processes, the focus of the investigation was on the signal modeling rather than takingprocesses, the focus of the investigation was on the signal modeling rather than takingprocesses, the focus of the investigation was on the signal modeling rather than takingprocesses, the focus of the investigation was on the signal modeling rather than taking

advantage of speciadvantage of speciadvantage of speciadvantage of specifififific characteristics of the signals to achieve better classic characteristics of the signals to achieve better classic characteristics of the signals to achieve better classic characteristics of the signals to achieve better classififififications rates.cations rates.cations rates.cations rates.

Another interesting example of using a higher cognitive task for BCI applications isAnother interesting example of using a higher cognitive task for BCI applications isAnother interesting example of using a higher cognitive task for BCI applications isAnother interesting example of using a higher cognitive task for BCI applications is

proposed in [11]. There, the activation of the working memory system in a mental calcu-proposed in [11]. There, the activation of the working memory system in a mental calcu-proposed in [11]. There, the activation of the working memory system in a mental calcu-proposed in [11]. There, the activation of the working memory system in a mental calcu-

lation task is measured with functional magnetic resonance imaging (fMRI). Moreover,lation task is measured with functional magnetic resonance imaging (fMRI). Moreover,lation task is measured with functional magnetic resonance imaging (fMRI). Moreover,lation task is measured with functional magnetic resonance imaging (fMRI). Moreover,

activity measured in the dorsolateral prefrontal cortex (DLPFC) indicated that the regionactivity measured in the dorsolateral prefrontal cortex (DLPFC) indicated that the regionactivity measured in the dorsolateral prefrontal cortex (DLPFC) indicated that the regionactivity measured in the dorsolateral prefrontal cortex (DLPFC) indicated that the region

is active for the duration of the mental process. This supports the notion that DLPFC canis active for the duration of the mental process. This supports the notion that DLPFC canis active for the duration of the mental process. This supports the notion that DLPFC canis active for the duration of the mental process. This supports the notion that DLPFC can

be activated, and remains active, at will. Further conbe activated, and remains active, at will. Further conbe activated, and remains active, at will. Further conbe activated, and remains active, at will. Further confifififirmation was obtained with elec-rmation was obtained with elec-rmation was obtained with elec-rmation was obtained with elec-
trocorticographic (ECoG) measurements from a patient. Those measurements showedtrocorticographic (ECoG) measurements from a patient. Those measurements showedtrocorticographic (ECoG) measurements from a patient. Those measurements showedtrocorticographic (ECoG) measurements from a patient. Those measurements showed

that gamma power within DLPFC increased during mental calculation and remainedthat gamma power within DLPFC increased during mental calculation and remainedthat gamma power within DLPFC increased during mental calculation and remainedthat gamma power within DLPFC increased during mental calculation and remained

elevated for the duration thereof. The results in [11] indicated that cortical regions in-elevated for the duration thereof. The results in [11] indicated that cortical regions in-elevated for the duration thereof. The results in [11] indicated that cortical regions in-elevated for the duration thereof. The results in [11] indicated that cortical regions in-

volved in higher cognitive functions may serve as a readily self-controllable input forvolved in higher cognitive functions may serve as a readily self-controllable input forvolved in higher cognitive functions may serve as a readily self-controllable input forvolved in higher cognitive functions may serve as a readily self-controllable input for

BCI applications.BCI applications.BCI applications.BCI applications.

BCI SYSTEMS BASED ON MEG DATABCI SYSTEMS BASED ON MEG DATABCI SYSTEMS BASED ON MEG DATABCI SYSTEMS BASED ON MEG DATA

Many technological facts are against using MEG data in BCI applications: the expensiveMany technological facts are against using MEG data in BCI applications: the expensiveMany technological facts are against using MEG data in BCI applications: the expensiveMany technological facts are against using MEG data in BCI applications: the expensive

technology associated to it, its immobility, and its vulnerability to magnetic noise aretechnology associated to it, its immobility, and its vulnerability to magnetic noise aretechnology associated to it, its immobility, and its vulnerability to magnetic noise aretechnology associated to it, its immobility, and its vulnerability to magnetic noise are

some of them. However, using MEG has the advantage of being easier to interpret thansome of them. However, using MEG has the advantage of being easier to interpret thansome of them. However, using MEG has the advantage of being easier to interpret thansome of them. However, using MEG has the advantage of being easier to interpret than

EEG, MEG signals suffer far less spatial blurring due to the different isolating layers ofEEG, MEG signals suffer far less spatial blurring due to the different isolating layers ofEEG, MEG signals suffer far less spatial blurring due to the different isolating layers ofEEG, MEG signals suffer far less spatial blurring due to the different isolating layers of

the head effect compared to EEG, and bimodal EEG/MEG systems are becoming morethe head effect compared to EEG, and bimodal EEG/MEG systems are becoming morethe head effect compared to EEG, and bimodal EEG/MEG systems are becoming morethe head effect compared to EEG, and bimodal EEG/MEG systems are becoming more

available every day. Therefore, some research groups are exploring the use of MEGavailable every day. Therefore, some research groups are exploring the use of MEGavailable every day. Therefore, some research groups are exploring the use of MEGavailable every day. Therefore, some research groups are exploring the use of MEG

data in BCI applications hoping that the improved MEG signal properties translate intodata in BCI applications hoping that the improved MEG signal properties translate intodata in BCI applications hoping that the improved MEG signal properties translate intodata in BCI applications hoping that the improved MEG signal properties translate into

increased BCI communication speed.increased BCI communication speed.increased BCI communication speed.increased BCI communication speed.

TheTheTheThe fifififirst demonstration of a functioning MEG-based BCI was reported in [12]. Inrst demonstration of a functioning MEG-based BCI was reported in [12]. Inrst demonstration of a functioning MEG-based BCI was reported in [12]. Inrst demonstration of a functioning MEG-based BCI was reported in [12]. In

this work, MEG signals corresponding to the imaginary task of moving the tongue orthis work, MEG signals corresponding to the imaginary task of moving the tongue orthis work, MEG signals corresponding to the imaginary task of moving the tongue orthis work, MEG signals corresponding to the imaginary task of moving the tongue or

the left littlethe left littlethe left littlethe left little fifififinger were used to operate a BCI with a combination of feature selectionnger were used to operate a BCI with a combination of feature selectionnger were used to operate a BCI with a combination of feature selectionnger were used to operate a BCI with a combination of feature selection
techniques, recursive channel elimination, and linear Support Vector Machines (SVM).techniques, recursive channel elimination, and linear Support Vector Machines (SVM).techniques, recursive channel elimination, and linear Support Vector Machines (SVM).techniques, recursive channel elimination, and linear Support Vector Machines (SVM).

The classiThe classiThe classiThe classifififification performance ranged, acrosscation performance ranged, acrosscation performance ranged, acrosscation performance ranged, across fifififive subjects, from chance level up tove subjects, from chance level up tove subjects, from chance level up tove subjects, from chance level up to

92%, while it was possible to reduce the number of used MEG channels to less than 5%92%, while it was possible to reduce the number of used MEG channels to less than 5%92%, while it was possible to reduce the number of used MEG channels to less than 5%92%, while it was possible to reduce the number of used MEG channels to less than 5%

of the original 150 channels without signiof the original 150 channels without signiof the original 150 channels without signiof the original 150 channels without signifififificant loss of classicant loss of classicant loss of classicant loss of classifififification performance. Thecation performance. Thecation performance. Thecation performance. The

work in [12] also gave evidence that an imaginary left hand versus right hand movementwork in [12] also gave evidence that an imaginary left hand versus right hand movementwork in [12] also gave evidence that an imaginary left hand versus right hand movementwork in [12] also gave evidence that an imaginary left hand versus right hand movement

task might be better suited for future MEG-based BCI systems.task might be better suited for future MEG-based BCI systems.task might be better suited for future MEG-based BCI systems.task might be better suited for future MEG-based BCI systems.

Another MEG-based BCI was reported in [13]. In this case, the cognitive task was aAnother MEG-based BCI was reported in [13]. In this case, the cognitive task was aAnother MEG-based BCI was reported in [13]. In this case, the cognitive task was aAnother MEG-based BCI was reported in [13]. In this case, the cognitive task was a

continuous visuomotor coordination experiment which required subjects to continuouslycontinuous visuomotor coordination experiment which required subjects to continuouslycontinuous visuomotor coordination experiment which required subjects to continuouslycontinuous visuomotor coordination experiment which required subjects to continuously

manipulate a track-ball to compensate the random rotations of a cube projected onmanipulate a track-ball to compensate the random rotations of a cube projected onmanipulate a track-ball to compensate the random rotations of a cube projected onmanipulate a track-ball to compensate the random rotations of a cube projected on

a display screen. Even though the interface required direct motor intervention of thea display screen. Even though the interface required direct motor intervention of thea display screen. Even though the interface required direct motor intervention of thea display screen. Even though the interface required direct motor intervention of the

subject, the problem was considered of cognitive nature due to the visual feedback,subject, the problem was considered of cognitive nature due to the visual feedback,subject, the problem was considered of cognitive nature due to the visual feedback,subject, the problem was considered of cognitive nature due to the visual feedback,
and the problem then focused on extracting oscillatory brain activities involved in thisand the problem then focused on extracting oscillatory brain activities involved in thisand the problem then focused on extracting oscillatory brain activities involved in thisand the problem then focused on extracting oscillatory brain activities involved in this

continuous task. The study showed that Second Order Blind Identicontinuous task. The study showed that Second Order Blind Identicontinuous task. The study showed that Second Order Blind Identicontinuous task. The study showed that Second Order Blind Identifififification (SOBI) couldcation (SOBI) couldcation (SOBI) couldcation (SOBI) could

be applied to ongoing MEG signals to create a highly interpretable representation of thebe applied to ongoing MEG signals to create a highly interpretable representation of thebe applied to ongoing MEG signals to create a highly interpretable representation of thebe applied to ongoing MEG signals to create a highly interpretable representation of the

signal which improved the BCI performance. In [14], SOBI was compared to other blindsignal which improved the BCI performance. In [14], SOBI was compared to other blindsignal which improved the BCI performance. In [14], SOBI was compared to other blindsignal which improved the BCI performance. In [14], SOBI was compared to other blind

separation methods in the problem of classifying MEG recordings. However, in this caseseparation methods in the problem of classifying MEG recordings. However, in this caseseparation methods in the problem of classifying MEG recordings. However, in this caseseparation methods in the problem of classifying MEG recordings. However, in this case
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the study used MEG time-locked recordings corresponding to the presentation of distinctthe study used MEG time-locked recordings corresponding to the presentation of distinctthe study used MEG time-locked recordings corresponding to the presentation of distinctthe study used MEG time-locked recordings corresponding to the presentation of distinct

words in the auditory and visual modalities. The results of this work suggested that meanwords in the auditory and visual modalities. The results of this work suggested that meanwords in the auditory and visual modalities. The results of this work suggested that meanwords in the auditory and visual modalities. The results of this work suggested that mean

classiclassiclassiclassififififications rates can be improved by spatially decomposing the MEG data beforecations rates can be improved by spatially decomposing the MEG data beforecations rates can be improved by spatially decomposing the MEG data beforecations rates can be improved by spatially decomposing the MEG data before

being classibeing classibeing classibeing classifififified rather than using SOBI. Still, the performance rates are highly dependented rather than using SOBI. Still, the performance rates are highly dependented rather than using SOBI. Still, the performance rates are highly dependented rather than using SOBI. Still, the performance rates are highly dependent

to the cognitive task used. The study in [14] also conto the cognitive task used. The study in [14] also conto the cognitive task used. The study in [14] also conto the cognitive task used. The study in [14] also confifififirmed that linear classirmed that linear classirmed that linear classirmed that linear classifififificationcationcationcation

methods can achieve higher mean classimethods can achieve higher mean classimethods can achieve higher mean classimethods can achieve higher mean classifififification rates than non-linear methods.cation rates than non-linear methods.cation rates than non-linear methods.cation rates than non-linear methods.

Other studies have focused in comparing MEG-based BCIs to EEG-based onesOther studies have focused in comparing MEG-based BCIs to EEG-based onesOther studies have focused in comparing MEG-based BCIs to EEG-based onesOther studies have focused in comparing MEG-based BCIs to EEG-based ones

(see [15] and [16]), and also to invasive systems based on ECoG data from epileptic(see [15] and [16]), and also to invasive systems based on ECoG data from epileptic(see [15] and [16]), and also to invasive systems based on ECoG data from epileptic(see [15] and [16]), and also to invasive systems based on ECoG data from epileptic

patients [17]. While the cognitive tasks were different in these studies, as well as the se-patients [17]. While the cognitive tasks were different in these studies, as well as the se-patients [17]. While the cognitive tasks were different in these studies, as well as the se-patients [17]. While the cognitive tasks were different in these studies, as well as the se-

lected classilected classilected classilected classifififification algorithms, all three concluded that classication algorithms, all three concluded that classication algorithms, all three concluded that classication algorithms, all three concluded that classifififification accuracy is quitecation accuracy is quitecation accuracy is quitecation accuracy is quite
similar in MEG-based BCIs to those obtained in comparable EEG and ECoG studies.similar in MEG-based BCIs to those obtained in comparable EEG and ECoG studies.similar in MEG-based BCIs to those obtained in comparable EEG and ECoG studies.similar in MEG-based BCIs to those obtained in comparable EEG and ECoG studies.

Still, MEG signals were easier to interpret and required less spatialStill, MEG signals were easier to interpret and required less spatialStill, MEG signals were easier to interpret and required less spatialStill, MEG signals were easier to interpret and required less spatial fifififiltering, i.e. thereltering, i.e. thereltering, i.e. thereltering, i.e. there

was no appreciable difference in performance between classiwas no appreciable difference in performance between classiwas no appreciable difference in performance between classiwas no appreciable difference in performance between classifififification of the raw MEGcation of the raw MEGcation of the raw MEGcation of the raw MEG

signals and classisignals and classisignals and classisignals and classifififification of a linear combination of signals from different channels.cation of a linear combination of signals from different channels.cation of a linear combination of signals from different channels.cation of a linear combination of signals from different channels.

Therefore, such good spatial resolution of MEG could be advantageous in multicate-Therefore, such good spatial resolution of MEG could be advantageous in multicate-Therefore, such good spatial resolution of MEG could be advantageous in multicate-Therefore, such good spatial resolution of MEG could be advantageous in multicate-

gory classigory classigory classigory classifififification when multiple tasks involve activity in distinct brain areas. Finally,cation when multiple tasks involve activity in distinct brain areas. Finally,cation when multiple tasks involve activity in distinct brain areas. Finally,cation when multiple tasks involve activity in distinct brain areas. Finally,

these results suggest that an MEG-based BCI is feasible and efthese results suggest that an MEG-based BCI is feasible and efthese results suggest that an MEG-based BCI is feasible and efthese results suggest that an MEG-based BCI is feasible and effififificient in terms of thecient in terms of thecient in terms of thecient in terms of the

user, given that the training period to control the BCI is faster using MEG than EEG,user, given that the training period to control the BCI is faster using MEG than EEG,user, given that the training period to control the BCI is faster using MEG than EEG,user, given that the training period to control the BCI is faster using MEG than EEG,

and comparable to those reported for ECoG, but without being invasive.and comparable to those reported for ECoG, but without being invasive.and comparable to those reported for ECoG, but without being invasive.and comparable to those reported for ECoG, but without being invasive.

TOWARDS A COGNITIVE EEG/MEG DATA-BASED BCITOWARDS A COGNITIVE EEG/MEG DATA-BASED BCITOWARDS A COGNITIVE EEG/MEG DATA-BASED BCITOWARDS A COGNITIVE EEG/MEG DATA-BASED BCI

In order to implement a cognitive EEG/MEG data-based BCI, some issues need to beIn order to implement a cognitive EEG/MEG data-based BCI, some issues need to beIn order to implement a cognitive EEG/MEG data-based BCI, some issues need to beIn order to implement a cognitive EEG/MEG data-based BCI, some issues need to be

addressed:addressed:addressed:addressed:

•••• The selection of the cognitive task has to be based on the best subject’s abilities.The selection of the cognitive task has to be based on the best subject’s abilities.The selection of the cognitive task has to be based on the best subject’s abilities.The selection of the cognitive task has to be based on the best subject’s abilities.

•••• Such selection has to use a standardized evaluation system in order to accuratelySuch selection has to use a standardized evaluation system in order to accuratelySuch selection has to use a standardized evaluation system in order to accuratelySuch selection has to use a standardized evaluation system in order to accurately

determine the performance of the BCI in realistic conditions.determine the performance of the BCI in realistic conditions.determine the performance of the BCI in realistic conditions.determine the performance of the BCI in realistic conditions.

•••• The use of bimodal EEG/MEG systems should be considered, at least in the trainingThe use of bimodal EEG/MEG systems should be considered, at least in the trainingThe use of bimodal EEG/MEG systems should be considered, at least in the trainingThe use of bimodal EEG/MEG systems should be considered, at least in the training

phase of BCI developing, so the complementary information of those two modali-phase of BCI developing, so the complementary information of those two modali-phase of BCI developing, so the complementary information of those two modali-phase of BCI developing, so the complementary information of those two modali-

ties provide is exploited.ties provide is exploited.ties provide is exploited.ties provide is exploited.

The solution to those problems cannot be achieved by a single method, but by an orga-The solution to those problems cannot be achieved by a single method, but by an orga-The solution to those problems cannot be achieved by a single method, but by an orga-The solution to those problems cannot be achieved by a single method, but by an orga-

nized and well justinized and well justinized and well justinized and well justifififified number of processing steps. An example of such approach wased number of processing steps. An example of such approach wased number of processing steps. An example of such approach wased number of processing steps. An example of such approach was

presented in [18], where the same cognitive EEG data from [7] was used, but in this casepresented in [18], where the same cognitive EEG data from [7] was used, but in this casepresented in [18], where the same cognitive EEG data from [7] was used, but in this casepresented in [18], where the same cognitive EEG data from [7] was used, but in this case

it was treated in a different way. The method proposed in [18] included a pre-processingit was treated in a different way. The method proposed in [18] included a pre-processingit was treated in a different way. The method proposed in [18] included a pre-processingit was treated in a different way. The method proposed in [18] included a pre-processing

step based on the length and energy transforms in order to enhance the signal’s vari-step based on the length and energy transforms in order to enhance the signal’s vari-step based on the length and energy transforms in order to enhance the signal’s vari-step based on the length and energy transforms in order to enhance the signal’s vari-

ability, then autoregressive (AR) models were used to reduce the dimensionality of theability, then autoregressive (AR) models were used to reduce the dimensionality of theability, then autoregressive (AR) models were used to reduce the dimensionality of theability, then autoregressive (AR) models were used to reduce the dimensionality of the

problem, andproblem, andproblem, andproblem, and fifififinally the classinally the classinally the classinally the classifififification was performed using the Mahalanobis distance-cation was performed using the Mahalanobis distance-cation was performed using the Mahalanobis distance-cation was performed using the Mahalanobis distance-

based classibased classibased classibased classififififier. As result, a more accurate classier. As result, a more accurate classier. As result, a more accurate classier. As result, a more accurate classifififification was achieved when the datacation was achieved when the datacation was achieved when the datacation was achieved when the data

was transformed through the length or energy transform even for low-order AR models,was transformed through the length or energy transform even for low-order AR models,was transformed through the length or energy transform even for low-order AR models,was transformed through the length or energy transform even for low-order AR models,

having the length transformation a slightly better performance.having the length transformation a slightly better performance.having the length transformation a slightly better performance.having the length transformation a slightly better performance.

In terms of the evaluation of the BCI’s performance, most studies have looked at theIn terms of the evaluation of the BCI’s performance, most studies have looked at theIn terms of the evaluation of the BCI’s performance, most studies have looked at theIn terms of the evaluation of the BCI’s performance, most studies have looked at the
speed and/or accuracy of the classispeed and/or accuracy of the classispeed and/or accuracy of the classispeed and/or accuracy of the classifififification. However, such performance is usually com-cation. However, such performance is usually com-cation. However, such performance is usually com-cation. However, such performance is usually com-

puted underputed underputed underputed under ad hocad hocad hocad hoc conditions, and an evaluation of the BCI for those circumstances mayconditions, and an evaluation of the BCI for those circumstances mayconditions, and an evaluation of the BCI for those circumstances mayconditions, and an evaluation of the BCI for those circumstances may

not be sufnot be sufnot be sufnot be suffififificient to predict its performance on real-life conditions. In [19], the perfor-cient to predict its performance on real-life conditions. In [19], the perfor-cient to predict its performance on real-life conditions. In [19], the perfor-cient to predict its performance on real-life conditions. In [19], the perfor-
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mance of a BCI is assessed in terms of the estimated probability density function (PDF)mance of a BCI is assessed in terms of the estimated probability density function (PDF)mance of a BCI is assessed in terms of the estimated probability density function (PDF)mance of a BCI is assessed in terms of the estimated probability density function (PDF)

of the percentage of correct classiof the percentage of correct classiof the percentage of correct classiof the percentage of correct classififififications when using single-trial EEG/MEG data. Thecations when using single-trial EEG/MEG data. Thecations when using single-trial EEG/MEG data. Thecations when using single-trial EEG/MEG data. The

PDF is then considered to vary as a function of the number of measuring channels, thePDF is then considered to vary as a function of the number of measuring channels, thePDF is then considered to vary as a function of the number of measuring channels, thePDF is then considered to vary as a function of the number of measuring channels, the

amount of data (number of independent trials) used for training the classiamount of data (number of independent trials) used for training the classiamount of data (number of independent trials) used for training the classiamount of data (number of independent trials) used for training the classififififier, and theer, and theer, and theer, and the

signal-to-noise ratio (SNR). Preliminary results show that, even though decreasing anysignal-to-noise ratio (SNR). Preliminary results show that, even though decreasing anysignal-to-noise ratio (SNR). Preliminary results show that, even though decreasing anysignal-to-noise ratio (SNR). Preliminary results show that, even though decreasing any

of these three variables reduces the performance of the classiof these three variables reduces the performance of the classiof these three variables reduces the performance of the classiof these three variables reduces the performance of the classififififier, both the number ofer, both the number ofer, both the number ofer, both the number of

channels and the amount of training data can be adjusted in real-life BCI applications,channels and the amount of training data can be adjusted in real-life BCI applications,channels and the amount of training data can be adjusted in real-life BCI applications,channels and the amount of training data can be adjusted in real-life BCI applications,

while the SNR is more difwhile the SNR is more difwhile the SNR is more difwhile the SNR is more diffififificult to control. For this reason, a spatialcult to control. For this reason, a spatialcult to control. For this reason, a spatialcult to control. For this reason, a spatial fifififilter designed forlter designed forlter designed forlter designed for

a two-class discrimination problem is proposed in [20] to increase SNR of the signalsa two-class discrimination problem is proposed in [20] to increase SNR of the signalsa two-class discrimination problem is proposed in [20] to increase SNR of the signalsa two-class discrimination problem is proposed in [20] to increase SNR of the signals

and, therefore, improve the performance of the classiand, therefore, improve the performance of the classiand, therefore, improve the performance of the classiand, therefore, improve the performance of the classififififier.er.er.er.
In order to take full advantage of using cognitive data in BCI applications, it is nec-In order to take full advantage of using cognitive data in BCI applications, it is nec-In order to take full advantage of using cognitive data in BCI applications, it is nec-In order to take full advantage of using cognitive data in BCI applications, it is nec-

essary to establish a rigorous task selection procedure, as to warranty that the task cor-essary to establish a rigorous task selection procedure, as to warranty that the task cor-essary to establish a rigorous task selection procedure, as to warranty that the task cor-essary to establish a rigorous task selection procedure, as to warranty that the task cor-

responds to the best subject’s abilities. Then, the use of neuropsycological test batteriesresponds to the best subject’s abilities. Then, the use of neuropsycological test batteriesresponds to the best subject’s abilities. Then, the use of neuropsycological test batteriesresponds to the best subject’s abilities. Then, the use of neuropsycological test batteries

(NTBs) need to be considered as tools for selecting the cognitive processes in addition(NTBs) need to be considered as tools for selecting the cognitive processes in addition(NTBs) need to be considered as tools for selecting the cognitive processes in addition(NTBs) need to be considered as tools for selecting the cognitive processes in addition

to signal processing tools. NTBs would then be focused in doing a user-based selectionto signal processing tools. NTBs would then be focused in doing a user-based selectionto signal processing tools. NTBs would then be focused in doing a user-based selectionto signal processing tools. NTBs would then be focused in doing a user-based selection

of the cognitive process, while signal processing techniques would be in charge of high-of the cognitive process, while signal processing techniques would be in charge of high-of the cognitive process, while signal processing techniques would be in charge of high-of the cognitive process, while signal processing techniques would be in charge of high-

lighting specilighting specilighting specilighting specifififific characteristics of the chosen signal (task specic characteristics of the chosen signal (task specic characteristics of the chosen signal (task specic characteristics of the chosen signal (task specifififificity). Such procedurecity). Such procedurecity). Such procedurecity). Such procedure

could provide further support for designing a BCI system based on a broader range ofcould provide further support for designing a BCI system based on a broader range ofcould provide further support for designing a BCI system based on a broader range ofcould provide further support for designing a BCI system based on a broader range of

reliable tasks, so that a choice is made available for different subjects.reliable tasks, so that a choice is made available for different subjects.reliable tasks, so that a choice is made available for different subjects.reliable tasks, so that a choice is made available for different subjects.

CONCLUDING REMARKSCONCLUDING REMARKSCONCLUDING REMARKSCONCLUDING REMARKS

This paper has brieThis paper has brieThis paper has brieThis paper has brieflflflfly reviewed some of the current developments and issues relatedy reviewed some of the current developments and issues relatedy reviewed some of the current developments and issues relatedy reviewed some of the current developments and issues related

to building a BCI system based on EEG/MEG measurements of cognitive tasks. Evento building a BCI system based on EEG/MEG measurements of cognitive tasks. Evento building a BCI system based on EEG/MEG measurements of cognitive tasks. Evento building a BCI system based on EEG/MEG measurements of cognitive tasks. Even

though there are a number of very successful procedures to reliably and quickly identifythough there are a number of very successful procedures to reliably and quickly identifythough there are a number of very successful procedures to reliably and quickly identifythough there are a number of very successful procedures to reliably and quickly identify

brain waves, there is still much work to do in order to develop a robust BCI systembrain waves, there is still much work to do in order to develop a robust BCI systembrain waves, there is still much work to do in order to develop a robust BCI systembrain waves, there is still much work to do in order to develop a robust BCI system

which is functional in real-life conditions. The application of MEG technology in BCIwhich is functional in real-life conditions. The application of MEG technology in BCIwhich is functional in real-life conditions. The application of MEG technology in BCIwhich is functional in real-life conditions. The application of MEG technology in BCI

applications needs to be explored in more detail. Since the brain signals exploited byapplications needs to be explored in more detail. Since the brain signals exploited byapplications needs to be explored in more detail. Since the brain signals exploited byapplications needs to be explored in more detail. Since the brain signals exploited by

EEG and MEG are fundamentally the same, users could beneEEG and MEG are fundamentally the same, users could beneEEG and MEG are fundamentally the same, users could beneEEG and MEG are fundamentally the same, users could benefifififit from working on at from working on at from working on at from working on a
MEG-based BCI in a training stage, and then move to a more portable EEG-basedMEG-based BCI in a training stage, and then move to a more portable EEG-basedMEG-based BCI in a training stage, and then move to a more portable EEG-basedMEG-based BCI in a training stage, and then move to a more portable EEG-based

system in a real-life scenario. Furthermore, a more intensive exploration of cognitivesystem in a real-life scenario. Furthermore, a more intensive exploration of cognitivesystem in a real-life scenario. Furthermore, a more intensive exploration of cognitivesystem in a real-life scenario. Furthermore, a more intensive exploration of cognitive

tasks, as well as operant conditioning methods, is required. Unless such variety oftasks, as well as operant conditioning methods, is required. Unless such variety oftasks, as well as operant conditioning methods, is required. Unless such variety oftasks, as well as operant conditioning methods, is required. Unless such variety of

tasks is made available and their reliability evaluated, current BCI technology may havetasks is made available and their reliability evaluated, current BCI technology may havetasks is made available and their reliability evaluated, current BCI technology may havetasks is made available and their reliability evaluated, current BCI technology may have

limited value for disabled people.limited value for disabled people.limited value for disabled people.limited value for disabled people.

REFERENCESREFERENCESREFERENCESREFERENCES

1. J. R. Wolpaw, N. Birbaumer, D. J. McFarland, G. Pfurtscheller, and T. M. Vaughan,1. J. R. Wolpaw, N. Birbaumer, D. J. McFarland, G. Pfurtscheller, and T. M. Vaughan,1. J. R. Wolpaw, N. Birbaumer, D. J. McFarland, G. Pfurtscheller, and T. M. Vaughan,1. J. R. Wolpaw, N. Birbaumer, D. J. McFarland, G. Pfurtscheller, and T. M. Vaughan, Clinical Neuro-Clinical Neuro-Clinical Neuro-Clinical Neuro-
physiologyphysiologyphysiologyphysiology 113113113113, 767–791 (2002)., 767–791 (2002)., 767–791 (2002)., 767–791 (2002).

2. M. Hämäläinen, R. Hari, R. J. Ilmoniemi, J. Knuutila, and O. V. Lounasmaa,2. M. Hämäläinen, R. Hari, R. J. Ilmoniemi, J. Knuutila, and O. V. Lounasmaa,2. M. Hämäläinen, R. Hari, R. J. Ilmoniemi, J. Knuutila, and O. V. Lounasmaa,2. M. Hämäläinen, R. Hari, R. J. Ilmoniemi, J. Knuutila, and O. V. Lounasmaa, Reviews of ModernReviews of ModernReviews of ModernReviews of Modern
PhysicsPhysicsPhysicsPhysics 65656565, 413–497 (1993)., 413–497 (1993)., 413–497 (1993)., 413–497 (1993).

3. Y. Okada, K. Pratt, C. Atwood, A. Mascarenas, R. Reineman, J. Nurminen, and D. Paulson,3. Y. Okada, K. Pratt, C. Atwood, A. Mascarenas, R. Reineman, J. Nurminen, and D. Paulson,3. Y. Okada, K. Pratt, C. Atwood, A. Mascarenas, R. Reineman, J. Nurminen, and D. Paulson,3. Y. Okada, K. Pratt, C. Atwood, A. Mascarenas, R. Reineman, J. Nurminen, and D. Paulson, ReviewReviewReviewReview
of Scientiof Scientiof Scientiof Scientifififific Instrumentsc Instrumentsc Instrumentsc Instruments 77777777, 024301 (2006)., 024301 (2006)., 024301 (2006)., 024301 (2006).

4. A. Bashashati, M. Fatourechi, R. K. Ward, and G. E. Birch,4. A. Bashashati, M. Fatourechi, R. K. Ward, and G. E. Birch,4. A. Bashashati, M. Fatourechi, R. K. Ward, and G. E. Birch,4. A. Bashashati, M. Fatourechi, R. K. Ward, and G. E. Birch, Journal of Neural EngineeringJournal of Neural EngineeringJournal of Neural EngineeringJournal of Neural Engineering pp.pp.pp.pp.
R32–R57 (2007).R32–R57 (2007).R32–R57 (2007).R32–R57 (2007).

3335



5. B. Blankertz, K. R. Muller, G. Curio, T. M. Vaughan, G. Schalk, J. R. Wolpaw, A. Schlogl, C. Neuper,5. B. Blankertz, K. R. Muller, G. Curio, T. M. Vaughan, G. Schalk, J. R. Wolpaw, A. Schlogl, C. Neuper,5. B. Blankertz, K. R. Muller, G. Curio, T. M. Vaughan, G. Schalk, J. R. Wolpaw, A. Schlogl, C. Neuper,5. B. Blankertz, K. R. Muller, G. Curio, T. M. Vaughan, G. Schalk, J. R. Wolpaw, A. Schlogl, C. Neuper,
G. Pfurtscheller, T. Hinterberger, M. Schroder, and N. Birbaumer,G. Pfurtscheller, T. Hinterberger, M. Schroder, and N. Birbaumer,G. Pfurtscheller, T. Hinterberger, M. Schroder, and N. Birbaumer,G. Pfurtscheller, T. Hinterberger, M. Schroder, and N. Birbaumer, IEEE Transactions on BiomedicalIEEE Transactions on BiomedicalIEEE Transactions on BiomedicalIEEE Transactions on Biomedical
EngineeringEngineeringEngineeringEngineering 51515151, 1044–1051 (2004)., 1044–1051 (2004)., 1044–1051 (2004)., 1044–1051 (2004).

6. F. Babiloni, F. Cincotti, L. Lazzarini, J. Millan, J. Mourino, M. Varsta, J. Heikkonen, L. Bianchi, and6. F. Babiloni, F. Cincotti, L. Lazzarini, J. Millan, J. Mourino, M. Varsta, J. Heikkonen, L. Bianchi, and6. F. Babiloni, F. Cincotti, L. Lazzarini, J. Millan, J. Mourino, M. Varsta, J. Heikkonen, L. Bianchi, and6. F. Babiloni, F. Cincotti, L. Lazzarini, J. Millan, J. Mourino, M. Varsta, J. Heikkonen, L. Bianchi, and
M. G. Marciani,M. G. Marciani,M. G. Marciani,M. G. Marciani, IEEE Transactions on Rehabilitation EngineeringIEEE Transactions on Rehabilitation EngineeringIEEE Transactions on Rehabilitation EngineeringIEEE Transactions on Rehabilitation Engineering 8888, 186–187 (2000)., 186–187 (2000)., 186–187 (2000)., 186–187 (2000).

7. C. W. Anderson, E. A. Stolz, and S. Shamsunder,7. C. W. Anderson, E. A. Stolz, and S. Shamsunder,7. C. W. Anderson, E. A. Stolz, and S. Shamsunder,7. C. W. Anderson, E. A. Stolz, and S. Shamsunder, IEEE Transactions on Biomedical EngineeringIEEE Transactions on Biomedical EngineeringIEEE Transactions on Biomedical EngineeringIEEE Transactions on Biomedical Engineering 45454545,,,,
277–286 (1998).277–286 (1998).277–286 (1998).277–286 (1998).

8. E. Curran, P. Sykacek, M. Stokes, S. J. Roberts, W. Penny, I. Johnsrude, and A. M. Owen,8. E. Curran, P. Sykacek, M. Stokes, S. J. Roberts, W. Penny, I. Johnsrude, and A. M. Owen,8. E. Curran, P. Sykacek, M. Stokes, S. J. Roberts, W. Penny, I. Johnsrude, and A. M. Owen,8. E. Curran, P. Sykacek, M. Stokes, S. J. Roberts, W. Penny, I. Johnsrude, and A. M. Owen, IEEEIEEEIEEEIEEE
Transactions on Neural Systems and Rehabilitation EngineeringTransactions on Neural Systems and Rehabilitation EngineeringTransactions on Neural Systems and Rehabilitation EngineeringTransactions on Neural Systems and Rehabilitation Engineering 12121212, 48–54 (2003)., 48–54 (2003)., 48–54 (2003)., 48–54 (2003).

9. E. A. Curran, and M. J. Stokes,9. E. A. Curran, and M. J. Stokes,9. E. A. Curran, and M. J. Stokes,9. E. A. Curran, and M. J. Stokes, Brain and CognitionBrain and CognitionBrain and CognitionBrain and Cognition 51515151, 326–336 (2003)., 326–336 (2003)., 326–336 (2003)., 326–336 (2003).
10. E. A. Curran, P. Sykacek, M. J. Stokes, S. Roberts, W. Penny, I. Johnsrude, and A. Owen,10. E. A. Curran, P. Sykacek, M. J. Stokes, S. Roberts, W. Penny, I. Johnsrude, and A. Owen,10. E. A. Curran, P. Sykacek, M. J. Stokes, S. Roberts, W. Penny, I. Johnsrude, and A. Owen,10. E. A. Curran, P. Sykacek, M. J. Stokes, S. Roberts, W. Penny, I. Johnsrude, and A. Owen, IEEEIEEEIEEEIEEE

Transactions on Neural Systems and Rehabilitation EngineeringTransactions on Neural Systems and Rehabilitation EngineeringTransactions on Neural Systems and Rehabilitation EngineeringTransactions on Neural Systems and Rehabilitation Engineering 12121212, 48–54 (2004)., 48–54 (2004)., 48–54 (2004)., 48–54 (2004).
11. N. Ramsey, M. van de Heuvel, K. Kho, and F. Leijten,11. N. Ramsey, M. van de Heuvel, K. Kho, and F. Leijten,11. N. Ramsey, M. van de Heuvel, K. Kho, and F. Leijten,11. N. Ramsey, M. van de Heuvel, K. Kho, and F. Leijten, IEEE Transactions on Neural Systems andIEEE Transactions on Neural Systems andIEEE Transactions on Neural Systems andIEEE Transactions on Neural Systems and

Rehabilitation EngineeringRehabilitation EngineeringRehabilitation EngineeringRehabilitation Engineering 14141414, 214–217 (2006)., 214–217 (2006)., 214–217 (2006)., 214–217 (2006).
12. T. N. Lal, M. Schröder, N. J. Hill, H. Preissl, T. Hinterberger, J. Mellinger, M. Bogdan, W. Rosenstiel,12. T. N. Lal, M. Schröder, N. J. Hill, H. Preissl, T. Hinterberger, J. Mellinger, M. Bogdan, W. Rosenstiel,12. T. N. Lal, M. Schröder, N. J. Hill, H. Preissl, T. Hinterberger, J. Mellinger, M. Bogdan, W. Rosenstiel,12. T. N. Lal, M. Schröder, N. J. Hill, H. Preissl, T. Hinterberger, J. Mellinger, M. Bogdan, W. Rosenstiel,

T. Hofmann, N. Birbaumer, and B. Schölkopf, “A brain computer interface with online feedbackT. Hofmann, N. Birbaumer, and B. Schölkopf, “A brain computer interface with online feedbackT. Hofmann, N. Birbaumer, and B. Schölkopf, “A brain computer interface with online feedbackT. Hofmann, N. Birbaumer, and B. Schölkopf, “A brain computer interface with online feedback
based on magnetoencephalography,” inbased on magnetoencephalography,” inbased on magnetoencephalography,” inbased on magnetoencephalography,” in ICML ’05: Proceedings of the 22nd international conferenceICML ’05: Proceedings of the 22nd international conferenceICML ’05: Proceedings of the 22nd international conferenceICML ’05: Proceedings of the 22nd international conference
on Machine learningon Machine learningon Machine learningon Machine learning, ACM, New York, NY, USA, 2005, pp. 465–472., ACM, New York, NY, USA, 2005, pp. 465–472., ACM, New York, NY, USA, 2005, pp. 465–472., ACM, New York, NY, USA, 2005, pp. 465–472.

13. M. Besserve, K. Jerbi, L. Garnero, and J. Martinerie, “Prediction of cognitive states using MEG and13. M. Besserve, K. Jerbi, L. Garnero, and J. Martinerie, “Prediction of cognitive states using MEG and13. M. Besserve, K. Jerbi, L. Garnero, and J. Martinerie, “Prediction of cognitive states using MEG and13. M. Besserve, K. Jerbi, L. Garnero, and J. Martinerie, “Prediction of cognitive states using MEG and
Blind Source Separation,” inBlind Source Separation,” inBlind Source Separation,” inBlind Source Separation,” in Proceedings of the 15th International Conference on BiomagnetismProceedings of the 15th International Conference on BiomagnetismProceedings of the 15th International Conference on BiomagnetismProceedings of the 15th International Conference on Biomagnetism,,,,
ICS Elsevier, 2006, pp. 205–208.ICS Elsevier, 2006, pp. 205–208.ICS Elsevier, 2006, pp. 205–208.ICS Elsevier, 2006, pp. 205–208.

14. M. P. Guimaraes, D. K. Wong, E. T. Uy, L. Grosenick, and P. Suppes,14. M. P. Guimaraes, D. K. Wong, E. T. Uy, L. Grosenick, and P. Suppes,14. M. P. Guimaraes, D. K. Wong, E. T. Uy, L. Grosenick, and P. Suppes,14. M. P. Guimaraes, D. K. Wong, E. T. Uy, L. Grosenick, and P. Suppes, IEEE Transactions onIEEE Transactions onIEEE Transactions onIEEE Transactions on
Biomedical EngineeringBiomedical EngineeringBiomedical EngineeringBiomedical Engineering 54545454, 436–443 (2007)., 436–443 (2007)., 436–443 (2007)., 436–443 (2007).

15. J. Mellinger, G. Schalk, C. Braun, H. Preissl, W. Rosenstiel, N. Birbaumer, and A. Küblera,15. J. Mellinger, G. Schalk, C. Braun, H. Preissl, W. Rosenstiel, N. Birbaumer, and A. Küblera,15. J. Mellinger, G. Schalk, C. Braun, H. Preissl, W. Rosenstiel, N. Birbaumer, and A. Küblera,15. J. Mellinger, G. Schalk, C. Braun, H. Preissl, W. Rosenstiel, N. Birbaumer, and A. Küblera, Neu-Neu-Neu-Neu-
roimageroimageroimageroimage 36363636, 581–593 (2007)., 581–593 (2007)., 581–593 (2007)., 581–593 (2007).

16. L. Kauhanen, T. Nykopp, J. Lehtonen, P. Jylanki, J. Heikkonen, P. Rantanen, H. Alaranta, and16. L. Kauhanen, T. Nykopp, J. Lehtonen, P. Jylanki, J. Heikkonen, P. Rantanen, H. Alaranta, and16. L. Kauhanen, T. Nykopp, J. Lehtonen, P. Jylanki, J. Heikkonen, P. Rantanen, H. Alaranta, and16. L. Kauhanen, T. Nykopp, J. Lehtonen, P. Jylanki, J. Heikkonen, P. Rantanen, H. Alaranta, and
M. Sams,M. Sams,M. Sams,M. Sams, IEEE Transactions on Neural Systems and Rehabilitation EngineeringIEEE Transactions on Neural Systems and Rehabilitation EngineeringIEEE Transactions on Neural Systems and Rehabilitation EngineeringIEEE Transactions on Neural Systems and Rehabilitation Engineering 14141414, 190–193 (2006)., 190–193 (2006)., 190–193 (2006)., 190–193 (2006).

17. J. Hill, T. N. Lal, M. Schröeder, T. Hinterberger, G. Widman, C. Elger, B. Schölkopf, and N. Bir-17. J. Hill, T. N. Lal, M. Schröeder, T. Hinterberger, G. Widman, C. Elger, B. Schölkopf, and N. Bir-17. J. Hill, T. N. Lal, M. Schröeder, T. Hinterberger, G. Widman, C. Elger, B. Schölkopf, and N. Bir-17. J. Hill, T. N. Lal, M. Schröeder, T. Hinterberger, G. Widman, C. Elger, B. Schölkopf, and N. Bir-
baumer, “Classifying Event-Related Desynchronization in EEG, ECoG and MEG signals,” inbaumer, “Classifying Event-Related Desynchronization in EEG, ECoG and MEG signals,” inbaumer, “Classifying Event-Related Desynchronization in EEG, ECoG and MEG signals,” inbaumer, “Classifying Event-Related Desynchronization in EEG, ECoG and MEG signals,” in TowardTowardTowardToward
Brain-Computer InterfacingBrain-Computer InterfacingBrain-Computer InterfacingBrain-Computer Interfacing, edited by G. Dornhege, MIT Press, 2006, pp. 235–258., edited by G. Dornhege, MIT Press, 2006, pp. 235–258., edited by G. Dornhege, MIT Press, 2006, pp. 235–258., edited by G. Dornhege, MIT Press, 2006, pp. 235–258.

18. D. Gutiérrez, F. García-Nocetti, and J. Solano-González, “Classi18. D. Gutiérrez, F. García-Nocetti, and J. Solano-González, “Classi18. D. Gutiérrez, F. García-Nocetti, and J. Solano-González, “Classi18. D. Gutiérrez, F. García-Nocetti, and J. Solano-González, “Classifififification of Multichannel EEG Datacation of Multichannel EEG Datacation of Multichannel EEG Datacation of Multichannel EEG Data
using Lenght/Energy Transforms,” inusing Lenght/Energy Transforms,” inusing Lenght/Energy Transforms,” inusing Lenght/Energy Transforms,” in Proceedings of the 2005 1st IEEE International Workshop onProceedings of the 2005 1st IEEE International Workshop onProceedings of the 2005 1st IEEE International Workshop onProceedings of the 2005 1st IEEE International Workshop on
Computational Advances in Multi-Sensor Adaptive ProcessingComputational Advances in Multi-Sensor Adaptive ProcessingComputational Advances in Multi-Sensor Adaptive ProcessingComputational Advances in Multi-Sensor Adaptive Processing, 2005, pp. 221–224., 2005, pp. 221–224., 2005, pp. 221–224., 2005, pp. 221–224.

19. D. Gutiérrez, Assessing the classi19. D. Gutiérrez, Assessing the classi19. D. Gutiérrez, Assessing the classi19. D. Gutiérrez, Assessing the classifififification accuracy of brain-computer interfaces under realistic con-cation accuracy of brain-computer interfaces under realistic con-cation accuracy of brain-computer interfaces under realistic con-cation accuracy of brain-computer interfaces under realistic con-
ditions (2008), in revision for theditions (2008), in revision for theditions (2008), in revision for theditions (2008), in revision for the 42nd Asilomar Conference on Signals, Systems, and Computers42nd Asilomar Conference on Signals, Systems, and Computers42nd Asilomar Conference on Signals, Systems, and Computers42nd Asilomar Conference on Signals, Systems, and Computers....

20. D. Gutiérrez, Designing a spatial20. D. Gutiérrez, Designing a spatial20. D. Gutiérrez, Designing a spatial20. D. Gutiérrez, Designing a spatial fifififilter to improve SNR in two-class discrimination problems forlter to improve SNR in two-class discrimination problems forlter to improve SNR in two-class discrimination problems forlter to improve SNR in two-class discrimination problems for
BCI applications (2008), in revision for theBCI applications (2008), in revision for theBCI applications (2008), in revision for theBCI applications (2008), in revision for the 42nd Asilomar Conference on Signals, Systems, and42nd Asilomar Conference on Signals, Systems, and42nd Asilomar Conference on Signals, Systems, and42nd Asilomar Conference on Signals, Systems, and
ComputersComputersComputersComputers....

3436


