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Abstract

A self-paced brain-computer interface (BCI) system that is activated by mental
tasks is introduced. The BCI’s output has two operational states, the active state and
the inactive state, and is activated by designated mental tasks performed by the
user. The BCI could be operated using several EEG brain electrodes (channels) or
only few (i.e., five or seven channels) at a small loss in performance. The perfor-
mance is evaluated on a dataset we have collected from four subjects while
performing one of the four different mental tasks. The dataset contains the signals
of 29 EEG electrodes distributed over the scalp. The five and seven highly discrim-
inatory channels are selected using two different methods proposed in the paper.
The signal processing structure of the interface is computationally simple. The
features used are the scalar autoregressive coefficients. Classification is based on the
quadratic discriminant analysis. Model selection and testing procedures are accom-
plished via cross-validation. The results are highly promising in terms of the rates of
false and true positives. The false-positive rates reach zero, while the true-positive
rates are sufficiently high, i.e., 54.60 and 59.98% for the 5-channel and 7-channel
systems, respectively.

Keywords: brain-computer interface, mental task, self-paced, autoregressive
modeling, quadratic discriminant analysis

1. Introduction

Brain-computer interfaces (BCIs) aim at providing an alternative means of
communication for motor-disabled people suffering from diseases such as brain
injury, brainstem stroke, high-level spinal cord injury (SCI), amyotrophic lateral
sclerosis (ALS, also known as Maladie de Charcot or Lou Gehrig’s disease), muscular
dystrophies, multiple sclerosis (MS), cerebral palsy (CP), or locked-in syndrome
(sometimes called ventral pontine syndrome, cerebromedullospinal disconnection,
pseudocoma, and de-efferented state). Well-developed BCI systems are used by
motor-disabled people to control their environment. They can also be used by
healthy individuals for entertainment purposes such as playing computer games.

Existing BCI systems are categorized in two major classes: system-paced (or
synchronous) and self-paced (or asynchronous). In system-paced BCIs, the user can
only control the BCI during specific time intervals that are predefined by the system
and not by the user. A self-paced BCI, on the other hand, can be available for
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control by the user at all times. It is clear that the second class is better and more
efficient in terms of practicality and applicability to real-life applications.

Two types of states (or modes) are usually assumed for the output of a self-
paced BCI: the no-control (NC) state and the intentional control (IC) state. This
type of BCIs is in the NC mode most of the time. However, when the user issues a
mental command that would lead, for example, to switching the light on, moving
the computer cursor to the right, etc., the system changes its state from the NC
mode to the IC mode. After that, the BCI returns to the NC state.

Two measures that can properly evaluate the performance of a self-paced BCI
are the true-positive rate (TPR) and the false-positive rate (FPR). A true-positive
outcome results from correctly classifying a command as an IC state, and a false-
positive outcome results from the BCI misclassifying a no control as an IC state. The
ratios of true positives and false positives to the total number of classifications yield
the TPR and FPR, respectively. Further details on BCIs can be found in [1–5].

Due to the high false activation rates, BCI systems are deemed unsuccessful for
use in real-life applications. This is because false activations are a major cause of
user frustration. To further illustrate this point, suppose that the output rate of a
self-paced BCI is 5 Hz (i.e., five outputs/s, as in the BCI designed in this paper) and
the FPR value is 1%. This FPR of 1% means one false positive in every 100 outputs
of the BCI. As the BCI generates 100 outputs in 20 s, there would be three false
activations in every minute, which is too high for practical purposes. Considering
the fact that a self-paced BCI is in the no-control mode for most of the time, even a
low FPR would greatly annoy and frustrate any user. This is why for BCI systems,
lowering the FPR is of extreme importance.

Mental tasks are a class of neurological phenomena that can be exploited in BCI
systems. They generally refer to intentional cognitive tasks that are done by the
brain. Mental tasks can be mental mathematical calculations (such as multiplication
and counting), mental rotation of a two- or three-dimensional object, motor imag-
ery, visualization, etc.

Motor imagery is a task that has been investigated by a large majority of BCI
studies [6–64]. The use of other types of mental tasks in BCI studies has received
little attention in the literature. The papers that have studied non-motor imagery
mental tasks along with the motor imagery tasks include [65–84]. Studies [85–96]
have only considered non-motor imagery mental tasks.

The mental tasks investigated in [65] are motor imagery of opening and closing
of the users’ hand(s) and serially subtracting seven from a large number. In [66],
four motor imagery tasks of (the users) left hand movement, right hand movement,
foot movement, and tongue movement along with a simple calculation task (i.e.,
repeated subtraction of a constant number from a randomly chosen number) are
considered as the mental tasks. The mental tasks used in [67] are the imagination of
left and right hand movements, cube rotation, and subtraction. Four imagery tasks,
i.e., spatial navigation around a familiar environment, auditory imagery of a famil-
iar tune, and right and left motor imageries of opening and closing the hand, are
investigated in [68]. In [69, 70], the imagination of left and right hand (or arm)
movements, cube rotation, subtraction, and word association are studied. In
[71, 72, 75–77, 79, 81], the imagination of repetitive self-paced left or right hand
movement and the generation of words beginning with the same random letter are
investigated. The EEG data used in these studies are those provided by the IDIAP
Research Institute in Switzerland [70]. The studies in [77, 81] consider the imagi-
nation of the left or right hand movement as well using the data collected by the BCI
laboratory at Graz University of Technology in Austria [16]. In [73], the mental
tasks are auditory recall, mental navigation, sensorimotor attention of the left hand,
sensorimotor attention of the right hand, mental calculation, imaginary movement
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of the left hand, and imaginary movement of the right hand. The mental tasks used
in [74] are the exact calculation of repetitive additions, imagination of left finger
movement, mental rotation of a cube, and evocation of a nonverbal audio signal. In
[78], the right and left hand extension motor imageries, subtraction, navigation
imagery, auditory imagery, phone imagery, and idle task are investigated. The
mental tasks considered in [80] include the right and left hand flexion motor
imageries, subtraction, navigation imagery, auditory imagery, phone imagery, and
idle task. The mental tasks considered in [82] are subtraction, navigation imagery,
auditory recall, phone imagery, and motor imageries of the left and right hands.
Hand movements and word imagination are the mental tasks used in [83]. Imagi-
nation of left and right hand movements, mental rotation of a 3D geometric figure,
and mental subtraction of a two-digit number from a three-digit number are con-
sidered in [84].

The old and small datasets of Keirn and Aunon [85] that contain non-motor
imagery mental tasks are employed in [86–90, 92, 94–96]. Vowel speech imagery
(i.e., imaginary speech of the two English vowels /a/ and /u/) is proposed as a
control scheme for the BCI system in [91]. In [93], the mental arithmetic and spatial
imageries are investigated. Real fist rotation and imagined reverse counting are
investigated in [97].

From all BCI systems designed in these studies, only the systems in
[19, 24, 32, 39, 42, 46, 57, 61, 67, 69, 70] and [76, 78, 80, 82] are self-paced. The FPR
values are not reported in [57, 69, 70, 76, 78, 80, 82]. Even though the number of
FPs and TPs is mentioned in [32, 46], the rates of FPs and TPs are not given.

The FPRs are given in [19, 24, 42, 61]. In [19], the given FPR values are in the
10–77% range. In [24], the BCI system was evaluated in terms of FPs during only
one 3-minute interval. No FPs were generated during this interval; however, since
the designed BCI is too slow, it is deemed impractical for the real-life applications.
The minimum time period between two subsequent active states of the system is
4 s. In [42], the FPRs of the BCI systems are between 3.8% and 32.5%. In [61], the
reported false activation rate is in the range of 0–3.25 activations/minute.

In [39], the specificity rates (i.e., 100–FPR%) are given. Based on the specificity
rates, the FPR values are between 0.38 and 14.38%. Based on the confusion matrices
given in [67], the FPRs are in the range of 0–9%.

The ultimate and first goal of conducting this study is to develop a self-paced
two-state mental task-based BCI with a zero or near-zero false activation rate using
EEG signals. The mental tasks investigated are the visualization of some words as
they are written, multiplication, mentally rotating a 3D object, and motor imagery.
We collected the EEG signals of these four tasks as they were being performed
mentally and also during the baseline state, i.e., when the subjects were not
performing any of the four mental tasks as will be explained in Section 2. The
number of EEG channels used was 29. The details on each mental task and the
dataset are provided in the next section where the experimental protocol is
described.

The second goal is to design a BCI with few channels. Such a BCI has few
electrodes to collect the EEG signals and would be significantly more efficient com-
putationally, leading to BCIs that operate in real time. Thus, for practical applications,
the number of EEG channels should be small. In Section 3.1, we discuss how we
choose five or seven channels that would yield acceptable performance.

For each subject, four different BCIs are developed. Each BCI is based on one of
the four mental tasks mentioned above, i.e., in each BCI, one mental task is consid-
ered as the IC task (i.e., the user is indeed issuing a command). The other three
mental tasks are considered as NC tasks. The BCI system should remain in the NC
mode during the NC tasks and the baseline.
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Even though the system performance is evaluated off-line, the EEG signals are
analyzed in a self-paced manner. A signal trial is divided into overlapping segments.
Each segment is labeled as either IC or NC, depending on whether or not it belongs
to the IC task. The performance of the system is then evaluated in terms of TPR and
FPR.

Classification is based on the quadratic discriminant analysis due to its simplicity
and accuracy. The features to be classified are the scalar autoregressive (AR) coef-
ficients of the EEG signals. The feature extraction and the classification methods
employed are efficient in terms of computational complexity. The cross-validation
process is performed so as to obtain the optimal order of AR coefficients as well as
the best EEG channels for every mental task of every subject.

2. Dataset

The EEG signals of four subjects were collected while they were seated in a chair
approximately 75 cm in front of an LCD monitor in a 4 � 4 m2 room. The subjects
were asked to keep their eyes open during the recordings. Using an electrode cap,
the signals were captured from 29 channels located at Fpz, AF3, AF4, F7, F3, Fz, F4,
F8, FC5, FC1, FC2, FC6, T7, C3, Cz, C4, T8, CP5, CP1, CP2, CP6, P7, P3, Pz, P4, P8,
PO3, PO4, and Oz, according to the 10–10 system [98, 99]. Electrodes were prop-
erly distributed over the scalp to study the signals of the different brain regions.
Refer to Figure 1 to see the electrode positions. The earlobes were electrically linked
together and used as the reference. The EEG signals were amplified and digitized
using a 12-bit analog-to-digital converter. The sampling rate was 500 Hz.

Every subject attended three recording sessions on 3 different days. They were
asked to perform four mental tasks. Each session started with the preparation and
setup and consisted of six recording runs. Twelve minutes of EEG signals were
approximately recorded in a run. The subjects were instructed to complete the six
runs one after the other at their own pace. Each run consisted of signals of 20

Figure 1.
EEG signals were recorded from 29 electrodes distributed over the scalp according to the 10–10 system.
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epochs (i.e., five epochs for each of the four mental tasks). An epoch was 32.5 �
2.5 s long. To avoid possible adaptation, the order of epochs belonging to different
mental tasks was changed randomly from one run to the other.

The timing of the epochs was as follows. At the beginning of each epoch, there
was a break with a length of 15 � 2.5 s. The break had a variable length in different
epochs so as to avoid possible adaptation. A “Start” cue was displayed after the
break on the screen to prompt the subject to perform a specific mental task. The
task to be performed was shown on the screen. The length of the Start cue was 4 s.
The subjects had been instructed to start to perform the mental task approximately
1 s after the disappearance of the Start cue and to keep performing the task until a
“Stop” cue appeared on the screen. The 1-s delay was used to avoid any possible
effects of visual evoked potentials. The time interval between the Start cue and the
Stop cue was 10 s. The Stop cue lasted for 2.5 s. After the Stop cue, the break of the
next epoch started. Figure 2 illustrates the timing of each epoch.

The background of the screen was always black. During the break interval of
each epoch, “Break” was written on the screen in white and in a size which could be
easily read from a distance of 75 cm. The name of a specific mental task written in
white was the Start cue. The size of the Start cue was the same as Break. The word
“STOP” written in a green circle was the Stop cue.

The mental tasks were:

1. Visualizing some words being written on a board: subjects were told to imagine
a board on which they were writing their full names.

2.Non-trivial multiplication: the subjects performed multiplication of two two-
digit numbers. The numbers to be multiplied were given to them as the Start
cue.

3.Mentally rotating a 3D object: the subjects imagined that they were rotating a
laptop mentally.

4.Motor imagery: the subjects imagined extending his/her right hand.

The subjects were asked to be in the baseline state during the break interval of
each epoch, i.e., they should not be performing any of the four mental tasks of the
experiment and were supposed to remain looking at the screen and not move. They
should attain the same physical condition as that assumed when they performed the
mental tasks.

Figure 2.
Epoch timing. A “Start” cue was displayed on the screen for 4 s after a break of length of 15 � 2.5 s. The subject
was told to wait about 1 s after the cue disappeared before performing a mental task for about 10 s. The “Stop”
cue was displayed on the screen for 2.5 s, informing the subject of the end of the 10-s interval. The next epoch
then started.
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For each of the four mental tasks, 300 s (30 10-s epochs) of EEG signals and for
the baseline, about 1800 s (120 epochs) of EEG signals were recorded in each
session. Therefore, at the end of the last session, we had 90 epochs of each mental
task and 360 epochs of the baseline for each subject.

The experimental protocol had been approved by the Behavioral Research Ethics
Board of the University of British Columbia, and all subjects signed the required
consent form.

3. Methodology

3.1 EEG channel selection

The dataset is formed by the signals from 29 electrodes. However, a BCI system
with 29 channels is impractical for use in real-life applications. For practical appli-
cations, the number of channels should be as small as possible. We thus select a
smaller set of the channels that together yield the best performance for the final
design of our system.

Suppose that we have a BCI system with n channels and we need to select the
BCI that has m channels (m < n) and yields the best performance. The ideal but not
always computationally practical way is to consider all the possible m-channel
combinations of the n channels and select the combination that yields the best
system performance. For instance, if we want to decrease the number of channels
from 29 to 7, the system performance needs to be evaluated for all 1,560,780
different 7-channel combinations and then compared. Moreover, in order to make
the results more robust, the performance evaluation of the system is usually carried
out for different training and testing sets via a cross-validation process. If we
assume that the number of evaluation which runs in cross-validation is 5, the
number above (1,560,780) should be multiplied by 5. This forms a prohibitively
large amount of computations as the processing time will take several days. It is thus
impractical for implementation.

In this study, two approaches are performed for selecting the best system that
has m channels. The first approach deletes the channels (from among the 29-chan-
nel system) that results in the least reduction in the performance of the remaining
system. The channels are deleted one by one. The second approach builds a new
system by adding channels one by one to the newly built system. A channel added
to the new system is selected from the 29-channel system so that the performance of
the new system is maximal. These two approaches result in two methods that we
denote as MDelete and MForm. Even though these methods are not optimal as the
method mentioned above (i.e., considering all possible combinations), they still
reach the goal to a certain extent.

Channel selection method one: in channel selection method one (MDelete), all 29
channels are first considered. The resultant FPR and TPR values after deleting each
channel are obtained. The BCI system with 28 channels that yields the best perfor-
mance is selected. That is, the channel whose removal results in the best 28-channel
system is detected and deleted from the list. This task is repeated on the remaining
list (i.e., on 28 channels), and the best 27-channel system is found. This is repeated
again until all but m channels are omitted.

Channel selection method two: channel selection method two (MForm) is similar
to the first one except that it is carried in the reverse direction and the selection of
the channels differs as explained below. In the first iteration, the BCI system is
assumed to have one channel only. The channel with the best performance among
the 29 existing channels is thus detected. This will form the best BCI that has one
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channel only. In the second iteration, the BCI system is assumed to have two
channels only. One of these two channels is the one already selected in iteration 1.
Thus the performance of each channel in the remaining 28 channels, together with
the channel selected in the first iteration, is obtained. Among these 28 possibilities,
the channel (together with the already selected one) that yields the best perfor-
mance is selected and added to the list of the best channels. In the third iteration,
three channels are considered. These are formed by each channel from the
remaining list (i.e., 27 channels) and the two channels already selected in the
previous iterations. The channel that together with the two already selected chan-
nels yields the 3-channel BCI system with the best performance is added to the list.
This procedure is repeated until m channels are added to the list of the best chan-
nels.

3.2 Procedure

The length of each mental task epoch is 10 s. The baseline epochs have a variable
length in the range of 15 � 2.5 s. Since the sampling frequency is 500 samples/s,
each mental task epoch consists of 5000 samples, and the number of samples in a
baseline epoch varies between 6250 and 8750.

To process the data, every epoch is divided into overlapping segments. Each
segment is of length 1 s (i.e., 500 samples) and overlaps with the previous segment
by 400 samples. In other words, the BCI system generates an output every 100
samples using the last 500 samples of the signals. Since 100 samples are equivalent
to 0.2 s, the output rate of the BCI is 5 Hz.

Feature selection and classification: autoregressive (AR) modeling is used to obtain
the features from the segments. Based on the results in [100, 101], 1 s of the EEG
signal is sufficiently long for the AR model estimation. The feature vector is formed
by concatenating the AR coefficients (estimated from the segments of the selected
channels) into a single vector. This vector is then fed to the classifier for classifica-
tion purposes. Classification is performed using quadratic discriminant analysis.
The AR modeling and quadratic discriminant analysis are briefly explained in
Appendices A and B of this paper.

Custom designing: custom designing the system for every subject yields improve-
ments in the overall BCI performance [102, 103]. In this study, the BCI system is
customized for each subject and for each mental task by selecting the channels and
AR orders during cross-validation.

Cross-validation: to perform the cross-validation, we randomly divide the whole
set of segments into five equal-sized sections. Four of the data sections are used to
train and validate the system. Testing is carried on the remaining section. The four
data sections assigned to training and validation are further divided randomly into
five data partitions of equal size. Four partitions are used for training and one is
used for validation.

Selecting the best five and seven channels: we select the top five and also the top
seven best performing channels for future processing using MDelete and MForm
with the AR model order of 40. We then compare the results of the 5-channel cases
with those of the 7-channel cases to figure out the final design for the BCI system.
Channel selection is accomplished separately for different subjects and different
mental tasks. Tables 1 and 2 list the best channels selected using MDelete and
MForm, respectively. For each subject and each mental task, each channel selected
by both MDelete and MForm is shown in bold in the tables.

MDelete and MForm give BCI systems with different channel combinations.
This is because each of these methods obtains a channel set which is locally opti-
mum. The globally optimum set can be obtained by the exhaustive method
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Selected channels (from best to worst)

1 2 3 4 5 6 7

Subject 1

Sentence visualization T8 F8 F3 AF3 Oz CP6 P7

Non-trivial multiplication FC5 FC6 PO3 T7 C4 CP6 C3

3D object rotation FC6 T8 F3 AF3 CP6 AF4 F8

Motor imagery CP6 T8 P8 AF3 F7 FC2 T7

Subject 2

Sentence visualization P8 FC6 T7 F3 PO4 P7 P3

Non-trivial multiplication Oz Fpz Fz T7 FC6 P3 C3

3D object rotation Oz T7 P3 FC5 Fz C4 Cz

Motor imagery CP2 Oz F7 Fpz P7 CP6 F4

Subject 3

Sentence visualization PO3 P8 P4 AF4 T7 P7 C4

Non-trivial multiplication Oz Fpz Pz T7 CP1 PO4 CP5

3D object rotation FC2 CP1 PO4 P8 Cz F4 FC6

Motor imagery T7 P7 CP2 Fpz CP6 F7 FC6

Subject 4

Sentence visualization P8 Cz PO3 CP5 T7 PO4 AF3

Non-trivial multiplication F4 CP5 T8 P7 P8 Oz F3

3D object rotation AF3 FC5 AF4 P7 C3 T8 PO4

Motor imagery Cz P8 P7 FC6 T7 F3 CP5

Table 1.
Channels selected for different subjects and mental tasks using channel selection method one (MDelete).

Selected channels (from best to worst)

1 2 3 4 5 6 7

Subject 1

Sentence visualization T8 FC5 F8 P4 T7 P7 Oz

Non-trivial multiplication F7 Oz FC6 T8 F8 P7 CP1

3D object rotation T7 FC6 P8 CP2 P7 Oz F4

Motor imagery Oz P7 C3 CP6 T8 P8 FC6

Subject 2

Sentence visualization P8 F7 FC6 T7 FC5 AF3 T8

Non-trivial multiplication CP6 P4 T8 Fpz C4 F7 FC6

3D object rotation P7 P4 C4 Oz FC6 AF4 F7

Motor imagery CP5 Fz FC6 T7 FC1 Oz C4

Subject 3

Sentence visualization PO3 Oz Fpz P8 P7 Pz CP1

Non-trivial multiplication Oz P8 Fpz P7 Cz T8 AF3

3D object rotation CP5 FC2 P7 P4 T7 Oz Fz

Motor imagery T8 Oz P3 PO3 P7 AF4 AF3
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mentioned earlier in which the best combination is selected by considering all
possible combinations of channels. Finding the global optimum is computationally
impossible for our application. We hence have to be satisfied with the local optima.

Finding the optimum AR model order: after selecting the best five and the best
seven channels for each subject and each mental task, we find the optimum AR
model order for each of these two cases in the cross-validation process. The initial
AR model order is equal to 41. If the FPR for an order reaches zero, that order is
selected as the optimum order; if not, the order is increased by one, and the FPR of
the new order is then calculated. Increasing the AR order is terminated once the
FPR is zero or a maximum order of 136 is reached. The order corresponding to the
minimum FPR is chosen as the optimum AR order for the latter case.

4. Experimental results

For each subject and each mental task, there are two sets of five best channels
(one is obtained using MDelete and the other is obtained using MForm). The
performance of the 5-channel set that yielded the better performance is summa-
rized in Table 3. For each subject and each mental task, the table shows whether the
channels obtained using MDelete (1) or MForm (2) are selected. This is indicated
under the channel selection method (CSM) column. It also shows the mean values
of the TPR and FPR obtained from the cross-validation and testing processes in two
separate rows. The optimum AR model order is also included in the table. In
Table 4, the difference in the performance between the 5-channel BCIs using
MDelete and MForm is given. Table 5 shows the results of the t-test between any 2
of the four mental tasks for each subject in the 5-channel BCIs.

The performance of the 7-channel BCIs using the two channel selection methods
are compared with each other, and the performance of the better method is given in
Table 6 for each subject and each mental task. The performance difference between
the two channel selection methods is shown in Table 7.

In Tables 3 and 6, the values related to the highest performance are shown in
bold, while those related to the lowest performance are underlined.

TheWelch’s t-test [104], as a statistical significance test, is performed on the TPR
values for measuring the performance difference between MDelete and MForm (for
each subject and each mental task) and between every pair of the four mental tasks
(for each subject). The null hypothesis is that there is no difference between the
TPR values of the two groups (these two groups can be the two channel selection
methods or any two mental tasks). We assume a 5% significance level. The null
hypothesis is rejected if the resultant p-value is less than 0:05. This means that the

Selected channels (from best to worst)

1 2 3 4 5 6 7

Subject 4

Sentence visualization CP6 P8 FC5 AF4 T7 CP5 Oz

Non-trivial multiplication AF4 F7 T8 P8 P7 T7 Oz

3D object rotation F3 F7 AF4 PO3 FC5 Oz C3

Motor imagery CP2 P3 AF4 F8 P8 F3 F7

Table 2.
Channels selected for different subjects and mental tasks using channel selection method two (MForm).
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TPR values of the two test groups are significantly different. If p ≥ 0:05, the null
hypothesis cannot be rejected at the 5% significance level. This implies that there is
no significant difference between the TPR values of the test groups.

The p-value between MDelete and MForm for each mental task of each subject
is given in Tables 4 and 7 under the p-value column. Table 8 shows the results
of the t-test between any 2 of the four mental tasks for each subject in the
7-channel BCIs.

5. Summary and discussion of results

Table 4 shows that the performance of the 5-channel BCI systems obtained
using MDelete is close to those obtained using MForm for the majority of the cases.
The same is true for the 7-channel systems (Table 7). From Tables 3 and 6, it is
shown that MDelete yields better results in nine out of the 16 cases of the 5-channel
BCIs and in seven out of the 16 cases of the 7-channel BCIs.

5.1 System performance of 5-channel BCIs

From Tables 3 and 5, we find the following:

1. The FPR values are zero for all 5-channel BCIs of Subjects 1, 2, and 3 during the
cross-validation and testing processes, irrespective of the task type. For Subject
4, this is also true for the sentence visualization task-based BCI: the BCI based
on the multiplication task has 0.01% FPR for the testing process, the BCI based
on the motor imagery task has an FPR of 0.01% for the cross-validation
process, and the BCI based on the object rotation task has FPR values of 0.20
and 0.18% for cross-validation and testing, respectively.

Subject Mental task Mental task

Multiplication Object rotation Motor imagery

1 Visualization 0.0146 0.1759 0.1427

Multiplication 0.2472 0.0053

Object rotation 0.0251

2 Visualization 0.7203 0.1695 0.0330

Multiplication 0.2499 0.0408

Object rotation 0.2949

3 Visualization 0.3236 0.0049 0.0040

Multiplication 0.0034 0.0001

Object rotation 0.1062

4 Visualization 0.0000 0.0000 0.0000

Multiplication 0.0000 0.8060

Object rotation 0.0000

p,0:05 means “there is a significant difference.” These cases are shown in bold.

Table 5.
p-values calculated using Welch’s t-test between the four mental tasks for each subject (5-channel systems).
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2.Among all 5-channel BCIs, the highest performance (TPR = 63.72%) is reached
by the multiplication task of Subject 3. The object rotation task-based BCI of
Subject 4 has the lowest performance with TPR and FPR values of 33.50 and
0.18%, respectively.

3. For Subject 1: multiplication is the best in performance (TPR = 61.24%)
although it is not significantly different from object rotation. Motor imagery is
the poorest in performance (TPR = 55.30%) although it is not significantly
different from sentence visualization.

4.For Subject 2: sentence visualization, multiplication, and object rotation have
statistically similar performance with TPRs in the range of 56.00–58.56%.
Motor imagery has the poorest performance (TPR = 54.38%) although it is not
significantly different from object rotation.

5. For Subject 3: multiplication and sentence visualization have similar and the
highest performance (TPRs = 63.72 and 62.68%). Object rotation and motor
imagery have similar and the lowest performance (TPRs = 55.37 and 58.51%).

6.For Subject 4: sentence visualization has the best performance (TPR = 53.89%),
and object rotation has the poorest performance (TPR = 33.50% and
FPR = 0.18%).

5.2 System performance of 7-channel BCIs

From Tables 6 and 8, the following are found:

1. The FPR values reach zero for 15 out of the 16 cases. That is for all cases except
for the object rotation task of Subject 4, which has 0.01% FPR for each of the
cross-validation and testing processes.

Subject Mental task Mental task

Multiplication Object rotation Motor imagery

1 Visualization 0.4889 0.0519 0.3890

Multiplication 0.2553 0.2243

Object rotation 0.0405

2 Visualization 0.0809 0.1582 0.0035

Multiplication 0.6683 0.0328

Object rotation 0.4601

3 Visualization 0.0007 0.9199 0.6681

Multiplication 0.0135 0.0013

Object rotation 0.7321

4 Visualization 0.0001 0.0000 0.0002

Multiplication 0.0000 0.8619

Object rotation 0.0000

p,0:05 means “there is a significant difference.” These cases are shown in bold.

Table 8.
p-values calculated using Welch’s t-test between the four mental tasks for each subject (7-channel systems).
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2. The results as to which BCIs yield the best and worst performance are exactly
as those in the 5-channel systems. Among all the 7-channel BCIs, the best
performance with a TPR of 70.51% is reached by the BCI based on the
multiplication task of Subject 3 (which is better than the TPR = 63.72% of the
corresponding 5-channel BCI). The object rotation task-based BCI of Subject 4
has the worst performance with TPR and FPR values of 27.36% and 0.01%,
respectively (which is also better than the FPR = 0.18% of the corresponding
5-channel BCI).

3. For Subject 1: motor imagery is significantly different from object rotation. All
other cases are statistically similar to each other. The TPR varies in the range
62.51–66.11% for different mental tasks.

4.For Subject 2: sentence visualization, multiplication, and object rotation have
statistically similar performance with TPRs in the range of 61.97–64.77%.
Motor imagery has the least performance (TPR = 60.68%) although it is not
significantly different from that of object rotation.

5. For Subject 3: multiplication has the highest performance (TPR = 70.51%).
Sentence visualization, object rotation, and motor imagery have similar
performance with TPRs in the range of 64.73–65.32%.

6.For Subject 4: sentence visualization has the best performance (TPR = 59.71%),
and object rotation has the poorest performance (TPR = 27.36% and
FPR = 0.01%).

5.3 Discussion of results

Comparing Tables 3 and 6, it can be noticed that increasing the number of
channels from five to seven enhances the performance of every BCI by an increase
of 5.38% in TPR on average (see Table 9). Therefore, there is a trade-off between
using fewer channels and having better system performance. The choice should be
made depending on the applications, the situations in which the BCI system is used,
and the computational power available.

In terms of the AR model orders, the 5-channel BCIs need higher orders than the
7-channel BCIs. According to Table 9, the overall mean of the AR model order is 98
and 73 for the 5-channel and 7-channel BCI systems, respectively.

Studies [105–109] have also used high AR model orders in their analyses.
The AR model order depends on the sampling frequency [106]. Since our
sampling frequency is 500 Hz (which is high), then the AR order can also be
high. In other words, if the AR order belonging to the sampling frequency 100 Hz
is 25, then the AR order belonging to sampling frequency 500 Hz is 125. This is
because:

1. The AR order is the number of previous samples of the signal that represents
the current sample of the signal. Please refer to Eq. (1) in Appendix A.

2. An AR order = 25 at freq = 100 Hz means that we need the last 0.25 s of the
signal to represent the current sample. For freq = 500 Hz, we will need the last
0.25 s of the signal, and thus the AR order would be 0.25 � 500 = 125.
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From Table 9, it can be easily recognized that the system performance depends
on the subject and the mental task. Among all subjects, Subject 3 has the BCIs with
the highest average performance with average TPRs of 60.07 and 66.37% for the
5-channel and 7-channel systems, respectively. Subject 4 has the least average
performance with an average TPR of 43.09% for the 5-channel systems and 46.82%
for the 7-channel systems.

Among the mental tasks, sentence visualization and multiplication are the best
tasks overall. Object rotation and motor imagery yield the least performance on
average.

Table 9 also shows the average performance of the 29-channel systems over the
subjects and mental tasks for comparison purposes [110]. It can be seen that by
decreasing the number of EEG channels from 29 to 7 and 5, the system performance
degrades by a decrease of 7.28 and 12.66%, respectively, in TPR on average. This
degradation in the system performance is the trade-off one has to make to have a
simpler system that can be easily set up and requires less computational power.

6. Conclusion

This study shows that it is feasible to design self-paced mental task-based BCIs
with a zero false activation rate using very few (i.e., five or seven) EEG channels.
The system performance was evaluated on a dataset we collected from four sub-
jects. Although the evaluation was carried off-line, the methodology can be used in
real-time self-paced systems after slight modifications. This is because the feature
extraction and the classification processes are not computationally demanding, and
there is no need for the timing information of the EEG signals after training the
classifier with the training data.

5-channel design 7-channel design 29-channel design†

AR TPR FPR AR TPR FPR AR TPR FPR

Average over tasks

Subject 1 92* 58.51 0.00 67* 64.21 0.00 24 68.54 0.00

Subject 2 89* 56.72 0.00 62* 62.54 0.00 19* 70.38 0.00

Subject 3 87 60.07 0.00 63* 66.37 0.00 20* 70.80 0.00

Subject 4 125 43.09 0.05 100 46.82 0.00 29 59.31 0.00

Average over subjects

Visualization 90 58.23 0.00 67 63.27 0.00 21* 68.95 0.00

Multiplication 100* 56.38 0.00 71* 61.99 0.00 24 67.38 0.00

Object rotation 101 51.15 0.05 80* 55.04 0.00 24* 65.71 0.00

Motor imagery 102* 52.64 0.00 74* 59.63 0.00 23* 67.00 0.00

Total average 98* 54.60 0.01 73* 59.98 0.00 23 67.26 0.00
†Results of study [110].
*The value is rounded to the nearest integer.

Table 9.
Average performance of the BCI systems.
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The best performance of the BCI systems described above has zero FPRs and
sufficiently high TPRs (i.e., 53.89–63.72% for the 5-channel systems and 59.71–
70.51% for the 7-channel systems). Hence, in terms of the system performance,
they are acceptable for use in real-life applications. As reported in the study [110],
the best performance of the BCI systems with 29 channels has zero FPRs and
65.06–72.65% TPRs.

The frequency domain analysis of the recorded EEG signals is left for future
work. By finding the frequency bands with the high amounts of information, we
may be able to decrease the sampling frequency from its current value of 500 Hz.

In this study, the EEG trials are divided into 1-s segments for classification, and
the BCI system gives an output every 0.2 s. Finding the optimum values for the
segment length and the system output rate is the other directions for future work.
The use of these values might result in a more accurate system.

Running online experiments is the most important step that needs to be taken in
the future in order to evaluate the performance of our BCI system in real time.

A. Autoregressive modeling

The autoregressive (AR) model of the signal s[t] is defined as

s t½ � ¼ ∑
F

j¼1
bjs t� j½ � þ n t½ � (1)

where F is the order of the model, bj is the jth coefficient, and n[t] is the noise
(or error) signal. The noise signal is assumed to be a random process with a zero
mean and a finite variance.

In this study, the AR model is estimated using the Burg algorithm [111] which is
a popular and widely used algorithm in the field.

There are some methods based on the reflection coefficient [112], the final
prediction error criterion [113], the autoregressive transfer function criterion [113],
and the Akaike information criterion [113] to find the order of the AR model;
however, none of them are efficient in BCI applications [100]. In our previous
study [100], it is suggested that instead of using the existing methods, it is better to
select the model order by cross-validation based on the system performance. The
same approach is taken in this study.

B. Quadratic discriminant analysis

Quadratic discriminant analysis (QDA) [114] is the quadratic version of linear
discriminant analysis (LDA). Like LDA, normal distributions are assumed for the
classes. The only difference between QDA and LDA relates to the covariance
matrices of the classes. In QDA, unlike LDA, the covariance matrices of the classes
are not assumed to be the same. Therefore, QDA is more general than LDA.

Suppose we have k-dimensional vectors of x to be classified into one of the M
classes with the normal distributions

Ωm � Nk μm;Σmð Þ (2)

where m∈ 1; 2;…;Mf g, μm is the k-dimensional mean vector and Σm is the k� k
covariance matrix of Class Ωm.

The probability density function of Class Ωm can be expressed as
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fm,X xð Þ ¼
1

2πð Þk=2 Σmj j1=2

exp �
1
2

x� μmð ÞTΣ�1
m x� μmð Þ

� � (3)

Based on the Bayes discriminant rule, the input vector x is classified into
Class Ωi if

Ciπif i,X xð Þ ¼ max
j

Cjπj f j,X xð Þ
� �

, j∈ 1; 2;…;Mf g (4)

where πi is the a priori probability of Class Ωi and Ci is the total cost of
misclassifying a member of Class Ωi to the other classes. Note that

∑
M

j¼1
πj ¼ 1: (5)

The decision rule can be simplified as follows if only two classes exist:

x∈
Ω1 : C1π1 f 1,X xð Þ ≥ C2π2 f 2,X xð Þ

Ω2 : C1π1 f 1,X xð Þ,C2π2 f 2,X xð Þ

(

(6)

This is equivalent to

x∈

Ω1 : ln f 1,X xð Þ � ln f 2,X xð Þ ≥ ln
π2

π1
:
C2

C1

� �

Ω2 : ln f 1,X xð Þ � ln f 2,X xð Þ, ln
π2

π1
:
C2

C1

� �

8

>

>

>

<

>

>

>

:

(7)

Using (3) in (7), the discriminant rule becomes

x∈
Ω1 : Fqd xð Þ ≥ 0

Ω2 : Fqd xð Þ,0

(

(8)

where the discriminant function, Fqd xð Þ, is defined as

Fqd xð Þ ¼ �
1
2
xT Σ

�1
1 � Σ

�1
2

� �

xþ μ
T
1 Σ

�1
1 � μ

T
2 Σ

�1
2

� �

x

�
1
2
ln

∣Σ1∣

∣Σ2∣

� �

�
1
2

μ
T
1 Σ

�1
1 μ1 � μ

T
2 Σ

�1
2 μ2

� �

� ln
π2

π1
:
C2

C1

� �

(9)

The mean vectors (i.e., μ1 and μ2) and the covariance matrices (i.e., Σ1 and Σ2)
are estimated from the data samples. In this study, the same value for the a priori
probabilities π1 and π2 and the same value for the cost parameters C1 and C2 are
assumed.

Acknowledgements

The authors would like to thank the subjects who came and devoted their time to
attend the EEG recording sessions.

19

A Self-Paced Two-State Mental Task-Based Brain-Computer Interface with Few EEG Channels
DOI: http://dx.doi.org/10.5772/intechopen.83425



Author details

Farhad Faradji1*, Rabab K. Ward1 and Gary E. Birch1,2

1 Electrical and Computer Engineering Department, University of British
Columbia, Vancouver, BC, Canada

2 Neil Squire Society, Burnaby, BC, Canada

*Address all correspondence to: farhadf@ece.ubc.ca

© 2019 TheAuthor(s). Licensee IntechOpen. This chapter is distributed under the terms
of theCreativeCommonsAttribution License (http://creativecommons.org/licenses/
by/3.0),which permits unrestricted use, distribution, and reproduction in anymedium,
provided the original work is properly cited.

20

New Frontiers in Brain-Computer Interfaces



References

[1]Mak JN, Wolpaw JR. Clinical
applications of brain–computer
interfaces: Current state and future
prospects. IEEE Reviews in Biomedical
Engineering. 2009;2:187-199

[2] Fatourechi M, Ward RK, Birch GE.
A self-paced brain–computer interface
system with a low false positive rate.
Journal of Neural Engineering. 2008;
5(1):9-23

[3] Bashashati A, Fatourechi M, Ward
RK, Birch GE. A survey of signal
processing algorithms in brain-
computer interfaces based on electrical
brain signals. Journal of Neural
Engineering. 2007;4(2):R32-R57

[4]Mason SG, Bashashati A, Fatourechi
M, Navarro KF, Birch GE. A
comprehensive survey of brain interface
technology designs. Annals of
Biomedical Engineering. 2007;35(2):
137-169

[5] Vaughan TM. Guest editorial brain–
computer interface technology: A
review of the second international
meeting. IEEE Transactions on Neural
Systems and Rehabilitation Engineering.
2003;11(2):94-109

[6]Millán J d R, Mouriño J, Cincotti F,
Varsta M, Heikkonen J, Topani F,
et al. EEG patterns associated to
spontaneous execution of mental tasks.
NeuroImage. 2000;11(5, Supplement 1):
S78-S78

[7] Babiloni F, Cincotti F, Lazzarini L,
Millán J, Mouriño J, Varsta M, et al.
Linear classification of low-resolution
EEG patterns produced by imagined
hand movements. IEEE Transactions on
Rehabilitation Engineering. 2000;8(2):
186-188

[8] Costa EJX, Cabral EF Jr. EEG-based
discrimination between imagination of
left and right hand movements using

adaptive Gaussian representation.
Medical Engineering & Physics. 2000;
22(5):345-348

[9] Ramoser H, Müller-Gerking J,
Pfurtscheller G. Optimal spatial filtering
of single trial EEG during imagined
hand movement. IEEE Transactions on
Rehabilitation Engineering. 2000;8(4):
441-446

[10]Guger C, Schlögl A, Neuper C,
Walterspacher D, Strein T, Pfurtscheller
G. Rapid prototyping of an EEG-based
brain–computer interface (BCI). IEEE
Transactions on Neural Systems and
Rehabilitation Engineering. 2001;9(1):
49-58

[11]Obermaier B, Guger C, Neuper C,
Pfurtscheller G. Hidden Markov models
for online classification of single trial
EEG data. Pattern Recognition Letters.
2001;22(12):1299-1309

[12] Babiloni F, Cincotti F, Bianchi L,
Pirri G, Millán J d R, Mouriño J, et al.
Recognition of imagined hand
movements with low resolution surface
Laplacian and linear classifiers. Medical
Engineering & Physics. 2001;23(5):
323-328

[13] Pfurtscheller G, Neuper C. Motor
imagery and direct brain–computer
communication. Proceedings of the
IEEE. 2001;89(7):1123-1134

[14]Millán J d R, Franzé M, Mouriño J,
Cincotti F, Babiloni F. Relevant EEG
features for the classification of
spontaneous motor-related tasks.
Biological Cybernetics. 2002;86(2):
89-95

[15] Parra L, Alvino C, Tang A, Yeung
BPN, Osman A, Sajda P. Linear spatial
integration for single-trial detection in
encephalography. NeuroImage. 2002;
17(1):223-230

21

A Self-Paced Two-State Mental Task-Based Brain-Computer Interface with Few EEG Channels
DOI: http://dx.doi.org/10.5772/intechopen.83425



[16] Pfurtscheller G, Neuper C, Müller
GR, Obermaier B, Krausz G, Schlögl A,
et al. Graz-BCI: State of the art and
clinical applications. IEEE Transactions
on Neural Systems and Rehabilitation
Engineering. 2003;11(2):177-180

[17]Neuper C, Müller GR, Kübler A,
Birbaumer N, Pfurtscheller G. Clinical
application of an EEG-based brain–
computer interface: A case study in a
patient with severe motor impairment.
Clinical Neurophysiology. 2003;114(3):
399-409

[18] Cincotti F, Mattia D, Babiloni C,
Carducci F, Salinari S, Bianchi L, et al.
The use of EEG modifications due to
motor imagery for brain–computer
interfaces. IEEE Transactions on Neural
Systems and Rehabilitation Engineering.
2003;11(2):131-133

[19] Townsend G, Graimann B,
Pfurtscheller G. Continuous EEG
classification during motor imagery-
simulation of an asynchronous BCI.
IEEE Transactions on Neural Systems
and Rehabilitation Engineering. 2004;
12(2):258-265

[20] Spiegler A, Graimann B,
Pfurtscheller G. Phase coupling between
different motor areas during tongue-
movement imagery. Neuroscience
Letters. 2004;369(1):50-54

[21]Gysels E, Celka P. Phase
synchronization for the recognition of
mental tasks in a brain–computer
interface. IEEE Transactions on Neural
Systems and Rehabilitation Engineering.
2004;12(4):406-415

[22]Wang T, Deng J, He B. Classifying
EEG-based motor imagery tasks by
means of time-frequency synthesized
spatial patterns. Clinical
Neurophysiology. 2004;115(12):
2744-2753

[23] Lal TN, Schröder M, Hinterberger
T, Weston J, Bogdan M, Birbaumer N,

et al. Support vector channel selection in
BCI. IEEE Transactions on Biomedical
Engineering. 2004;51(6):1003-1010

[24]Müller-Putz GR, Scherer R,
Pfurtscheller G, Rupp R. EEG-based
neuroprosthesis control: A step towards
clinical practice. Neuroscience Letters.
2005;382(1–2):169-174

[25]Gysels E, Renevey P, Celka P. SVM-
based recursive feature elimination to
compare phase synchronization
computed from broadband and
narrowband EEG signals in brain–
computer interfaces. Signal Processing.
2005;85(11):2178-2189

[26] Pfurtscheller G, Brunner C, Schlögl
A, da Silva FHL. Mu rhythm (de)
synchronization and EEG single-trial
classification of different motor imagery
tasks. NeuroImage. 2006;31(1):153-159

[27] Pfurtscheller G, Leeb R, Keinrath C,
Friedman D, Neuper C, Guger C, et al.
Walking from thought. Brain Research.
2006;1071(1):145-152

[28]Hua Yang B, Zheng Yan G, Guo Yan
R, Wu T. Adaptive subject-based
feature extraction in brain–computer
interfaces using wavelet packet best
basis decomposition. Medical
Engineering & Physics. 2007;29(1):
48-53

[29] Ince NF, Tewfik AH, Arica S.
Extraction subject-specific motor
imagery time-frequency patterns for
single trial EEG classification.
Computers in Biology and Medicine.
2007;37(4):499-508

[30] Krepki R, Curio G, Blankertz B,
Müller K-R. Berlin brain–computer
interface—The HCI communication
channel for discovery. International
Journal of Human-Computer Studies.
2007;65(5):460-477

[31]Hua Yang B, Zheng Yan G, Wu T,
Guo Yan R. Subject-based feature

22

New Frontiers in Brain-Computer Interfaces



extraction using fuzzy wavelet packet in
brain–computer interfaces. Signal
Processing. 2007;87(7):1569-1574

[32] Tsui CSL, Gan JQ. Asynchronous
BCI control of a robot simulator with
supervised online training. In: Yin H,
Tino P, Corchado E, Byrne W, Yao X,
editors. Intelligent Data Engineering
and Automated Learning—IDEAL 2007.
Lecture Notes in Computer Science. Vol.
4881. Berlin/Heidelberg: Springer; 2007.
pp. 125-134

[33] Leeb R, Lee F, Keinrath C, Scherer
R, Bischof H, Pfurtscheller G. Brain-
computer communication: Motivation,
aim, and impact of exploring a virtual
apartment. IEEE Transactions on Neural
Systems and Rehabilitation Engineering.
2007;15(4):473-482

[34] Blankertz B, Dornhege G, Krauledat
M, Müller K-R, Curio G. The non-
invasive berlin brain–computer
interface: Fast acquisition of effective
performance in untrained subjects.
NeuroImage. 2007;37(2):539-550

[35] Geng T, Gan JQ, Dyson M, Tsui CS,
Sepulveda F. A novel design of 4-class
BCI using two binary classifiers and
parallel mental tasks. Computational
Intelligence and Neuroscience. 2008;
2008:5. Article ID: 437306

[36] Cincotti F, Mattia D, Aloise F,
Bufalari S, Astolfi L, Fallani FDV, et al.
High-resolution EEG techniques for
brain–computer interface applications.
Journal of Neuroscience Methods. 2008;
167(1):31-42

[37]Müller K-R, Tangermann M,
Dornhege G, Krauledat M, Curio G,
Blankertz B. Machine learning for real-
time single-trial EEG-analysis: From
brain–computer interfacing to mental
state monitoring. Journal of
Neuroscience Methods. 2008;167(1):
82-90

[38] Vuckovic A, Sepulveda F.
Quantification and visualisation of

differences between two motor tasks
based on energy density maps for brain–
computer interface applications. Clinical
Neurophysiology. 2008;119(2):446-458

[39] Boye AT, Kristiansen UQ, Billinger
M, do Nascimento OF, Farina D.
Identification of movement-related
cortical potentials with optimized
spatial filtering and principal
component analysis. Biomedical Signal
Processing and Control. 2008;3(4):
300-304

[40] Zhou S-M, Gan JQ, Sepulveda F.
Classifying mental tasks based on
features of higher-order statistics from
EEG signals in brain–computer
interface. Information Sciences. 2008;
178(6):1629-1640

[41] Townsend G, Feng Y. Using phase
information to reveal the nature of
event-related desynchronization.
Biomedical Signal Processing and
Control. 2008;3(3):192-202

[42] Scherer R, Lee F, Schlögl A, Leeb R,
Bischof H, Pfurtscheller G. Toward self-
paced brain–computer communication:
Navigation through virtual worlds. IEEE
Transactions on Biomedical
Engineering. 2008;55(2):675-682

[43]Nasihatkon B, Boostani R, Jahromi
MZ. An efficient hybrid linear and
kernel CSP approach for EEG feature
extraction. Neurocomputing. 2009;73
(1–3):432-437

[44] Fazli S, Popescu F, Danóczy M,
Blankertz B, Müller K-R, Grozea C.
Subject-independent mental state
classification in single trials. Neural
Networks. 2009;22(9):1305-1312

[45]Nazarpour K, Praamstra P, Miall
RC, Sanei S. Steady-state movement
related potentials for brain–computer
interfacing. IEEE Transactions on
Biomedical Engineering. 2009;56(8):
2104-2113

23

A Self-Paced Two-State Mental Task-Based Brain-Computer Interface with Few EEG Channels
DOI: http://dx.doi.org/10.5772/intechopen.83425



[46] Tsui CSL, Gan JQ, Roberts SJ. A
self-paced brain–computer interface for
controlling a robot simulator: An online
event labelling paradigm and an
extended Kalman filter based algorithm
for online training. Medical and
Biological Engineering and Computing.
2009;47:257-265

[47] Ron-Angevin R, Díaz-Estrella A.
Brain–computer interface: Changes in
performance using virtual reality
techniques. Neuroscience Letters. 2009;
449(2):123-127

[48] Xu Q, Zhou H, Wang Y, Huang J.
Fuzzy support vector machine for
classification of EEG signals using
wavelet-based features. Medical
Engineering & Physics. 2009;31(7):
858-865

[49] Sannelli C, Braun M, Müller K-R.
Improving BCI performance by task-
related trial pruning. Neural Networks.
2009;22(9):1295-1304

[50]Hsu W-Y, Sun Y-N. EEG-based
motor imagery analysis using weighted
wavelet transform features. Journal of
Neuroscience Methods. 2009;176(2):
310-318

[51] Vidaurre C, Krämer N, Blankertz B,
Schlögl A. Time domain parameters as a
feature for EEG-based brain–computer
interfaces. Neural Networks. 2009;
22(9):1313-1319

[52] Ince NF, Goksu F, Tewfik AH, Arica
S. Adapting subject specific motor
imagery EEG patterns in space-time-
frequency for a brain computer
interface. Biomedical Signal Processing
and Control. 2009;4(3):236-246

[53] Lei X, Yang P, Yao D. An empirical
Bayesian framework for brain–
computer interfaces. IEEE Transactions
on Neural Systems and Rehabilitation
Engineering. 2009;17(6):521-529

[54]Hazrati MK, Erfanian A. An online
EEG-based brain–computer interface

for controlling hand grasp using an
adaptive probabilistic neural network.
Medical Engineering & Physics. 2010;
32(7):730-739

[55] Liu G, Huang G, Meng J, Zhu X. A
frequency-weighted method combined
with Common Spatial Patterns for
electroencephalogram classification in
brain–computer interface. Biomedical
Signal Processing and Control. 2010;
5(2):174-180

[56] Brunner C, Allison BZ, Krusienski
DJ, Kaiser V, Müller-Putz GR,
Pfurtscheller G, et al. Improved signal
processing approaches in an offline
simulation of a hybrid brain–computer
interface. Journal of Neuroscience
Methods. 2010;188(1):165-173

[57] Iáñez E, Azorín JM, Úbeda A,
Ferrández JM, Fernández E. Mental
tasks-based brain–robot interface.
Robotics and Autonomous Systems.
2010;58(12):1238-1245

[58]Hsu W-Y. EEG-based motor
imagery classification using neuro-fuzzy
prediction and wavelet fractal features.
Journal of Neuroscience Methods. 2010;
189(2):295-302

[59]Qian K, Nikolov P, Huang D,
Fei D-Y, Chen X, Bai O. A motor
imagery-based online interactive
brain-controlled switch: Paradigm
development and preliminary test.
Clinical Neurophysiology. 2010;121(8):
1304-1313

[60] Li Y, Long J, Yu T, Yu Z, Wang C,
Zhang H, et al. An EEG-based BCI
system for 2-D cursor control by
combining Mu/Beta rhythm and P300
potential. IEEE Transactions on
Biomedical Engineering. 2010;57(10):
2495-2505

[61] Pfurtscheller G, Solis-Escalante T,
Ortner R, Linortner P, Müller-Putz G.
Self-paced operation of an SSVEP-based
orthosis with and without an imagery-
based “brain switch:” A feasibility study

24

New Frontiers in Brain-Computer Interfaces



towards a hybrid BCI. IEEE
Transactions on Neural Systems and
Rehabilitation Engineering. 2010;18(4):
409-414

[62] Coyle D, McGinnity TM, Prasad G.
Improving the separability of multiple
EEG features for a BCI by neural-
time-series-prediction-preprocessing.
Biomedical Signal Processing and
Control. 2010;5(3):196-204

[63] Xie X, Yu ZL, Gu Z, Zhang J, Cen L,
Li Y. Bilinear regularized locality
preserving learning on Riemannian
graph for motor imagery BCI. IEEE
Transactions on Neural Systems and
Rehabilitation Engineering. 2018;26(3):
698-708

[64]Mohamed EA, Yusoff MZ, Malik
AS, Bahloul MR, Adam DM, Adam IK.
Comparison of EEG signal
decomposition methods in classification
of motor-imagery BCI. Multimedia
Tools and Applications. 2018;77(16):
21305-21327

[65] Penny WD, Roberts SJ, Curran EA,
Stokes MJ. EEG-based communication:
A pattern recognition approach. IEEE
Transactions on Rehabilitation
Engineering. 2000;8(2):214-215

[66]Obermaier B, Neuper C, Guger C,
Pfurtscheller G. Information transfer
rate in a five-classes brain–computer
interface. IEEE Transactions on Neural
Systems and Rehabilitation Engineering.
2001;9(3):283-288

[67]Millán J d R, Mouriño J, Franzé M,
Cincotti F, Varsta M, Heikkonen J, et al.
A local neural classifier for the
recognition of EEG patterns associated
to mental tasks. IEEE Transactions on
Neural Networks. 2002;13(3):678-686

[68] Curran E, Sykacek P, Stokes M,
Roberts SJ, Penny W, Johnsrude I, et al.
Cognitive tasks for driving a brain-
computer interfacing system: A pilot
study. IEEE Transactions on Neural

Systems and Rehabilitation Engineering.
2003;12(1):48-54

[69]Millán J d R, Mouriño J.
Asynchronous BCI and local neural
classifiers: An overview of the adaptive
brain interface project. IEEE
Transactions on Neural Systems and
Rehabilitation Engineering. 2003;11(2):
159-161

[70]Millán J d R, Renkens F, Mouriño J,
Gerstner W. Brain-actuated interaction.
Artificial Intelligence. 2004;159(1–2):
241-259

[71] Chiappa S, Barber D. EEG
classification using generative
independent component analysis.
Neurocomputing. 2006;69(7–9):769-777

[72] Sun S, Zhang C, Zhang D. An
experimental evaluation of ensemble
methods for EEG signal classification.
Pattern Recognition Letters. 2007;
28(15):2157-2163

[73] Sepulveda F, Dyson M, Gan JQ, Tsui
CSL. A comparison of mental task
combinations for asynchronous EEG-
based BCIs. In: Proceedings of the 29th
Annual International Conference of the
IEEE Engineering in Medicine and
Biology Society. 2007. pp. 5055-5058

[74] Kronegg J, Chanel G,
Voloshynovskiy S, Pun T. EEG-based
synchronized brain–computer
interfaces: A model for optimizing the
number of mental tasks. IEEE
Transactions on Neural Systems and
Rehabilitation Engineering. 2007;15(1):
50-58

[75] Sun S, Zhang C, Lu Y. The random
electrode selection ensemble for EEG
signal classification. Pattern
Recognition. 2008;41(5):1663-1675

[76]Galán F, Nuttin M, Lew E, Ferrez P,
Vanacker G, Philips J, et al. A brain-
actuated wheelchair: Asynchronous and
non-invasive brain–computer interfaces
for continuous control of robots.

25

A Self-Paced Two-State Mental Task-Based Brain-Computer Interface with Few EEG Channels
DOI: http://dx.doi.org/10.5772/intechopen.83425



Clinical Neurophysiology. 2008;119(9):
2159-2169

[77]Cichocki A, Lee H, Kim Y-D, Choi S.
Non-negative matrix factorization with
α-divergence. Pattern Recognition
Letters. 2008;29(9):1433-1440

[78]Dyson M, Sepulveda F, Gan JQ.
Mental task classification against the
idle state: A preliminary investigation.
In: Proceedings of the 30th Annual
International Conference of the IEEE
Engineering in Medicine and Biology
Society. 2008. pp. 4473-4477

[79] Lin C-J, Hsieh M-H. Classification of
mental task from EEG data using neural
networks based on particle swarm
optimization. Neurocomputing. 2009;72
(4-6):1121-1130

[80]Dyson M, Sepulveda F, Gan JQ,
Roberts SJ. Sequential classification of
mental tasks vs. idle state for EEG based
BCIs. In: Proceedings of the 4th
International IEEE EMBS Conference on
Neural Engineering. 2009. pp. 351-354

[81] Lee H, Cichocki A, Choi S. Kernel
nonnegative matrix factorization for
spectral EEG feature extraction.
Neurocomputing. 2009;72(13-15):
3182-3190

[82]Dyson M, Sepulveda F, Gan JQ.
Localisation of cognitive tasks used in
EEG-based BCIs. Clinical
Neurophysiology. 2010;121(9):
1481-1493

[83] Szajerman D, Smagur A, Opalka S,
Wojciechowski A. Effective bci mental
tasks classification with adaptively
solved convolutional neural networks.
In: 18th International Symposium on
Electromagnetic Fields in Mechatronics,
Electrical and Electronic Engineering
(ISEF) Book of Abstracts. 2017. pp. 1-2

[84] Lotte F, Jeunet C. Defining and
quantifying users’ mental imagery-

based BCI skills: A first step. Journal of
Neural Engineering. 2018;15(4):046030

[85] Keirn ZA, Aunon JI. A new mode of
communication between man and his
surroundings. IEEE Transactions on
Biomedical Engineering. 1990;37(12):
1209-1214

[86] Keirn ZA, Aunon JI. Man-machine
communications through brain-wave
processing. IEEE Engineering in
Medicine and Biology Magazine. 1990;
9(1):55-57

[87] Palaniappan R, Paramesran R,
Nishida S, Saiwaki N. A new brain–
computer interface design using fuzzy
ARTMAP. IEEE Transactions on Neural
Systems and Rehabilitation Engineering.
2002;10(3):140-148

[88] Anderson CW, Knight JN,
O’Connor T, Kirby MJ, Sokolov A.
Geometric subspace methods and time-
delay embedding for EEG artifact
removal and classification. IEEE
Transactions on Neural Systems and
Rehabilitation Engineering. 2006;14(2):
142-146

[89] Palaniappan R. Utilizing gamma
band to improve mental task based
brain-computer interface design. IEEE
Transactions on Neural Systems and
Rehabilitation Engineering. 2006;14(3):
299-303

[90]Guo L, Wu Y, Zhao L, Cao T, Yan
W, Shen X. Classification of mental task
from EEG signals using immune feature
weighted support vector machines.
IEEE Transactions on Magnetics. 2011;
47(5):866-869

[91]DaSalla CS, Kambara H, Sato M,
Koike Y. Single-trial classification of
vowel speech imagery using common
spatial patterns. Neural Networks. 2009;
22(9):1334-1339

[92] Rahman MM, Chowdhury MA,
Fattah SA. An efficient scheme for

26

New Frontiers in Brain-Computer Interfaces



mental task classification utilizing
reflection coefficients obtained from
autocorrelation function of EEG signal.
Brain Informatics. 2017;5(1):1-12

[93] Sun H, Zhang Y, Gluckman B,
Zhong X, Zhang X. Optimal-channel
selection algorithms in mental tasks
based brain-computer interface. In:
Proceedings of the 2018 8th
International Conference on Bioscience,
Biochemistry and Bioinformatics,
ICBBB 2018. Association for Computing
Machinery. 2018. pp. 118-123

[94] Gupta A, Kumar D, Chakraborti A.
Hurst exponent as a new ingredient to
parametric feature set for mental task
classification. In: Satapathy SC, Tavares
JMRS, Bhateja V, Mohanty JR, editors.
Information and Decision Sciences.
Singapore: Springer Singapore; 2018.
pp. 129-137

[95]Dutta S, Singh M, Kumar A.
Automated classification of non-motor
mental task in electroencephalogram
based brain-computer interface using
multivariate autoregressive model in the
intrinsic mode function domain.
Biomedical Signal Processing and
Control. 2018;43:174-182

[96] Kuremoto T, Baba Y, Obayashi M,
Mabu S, Kobayashi K. Enhancing EEG
signals recognition using roc curve.
Journal of Robotics, Networking and
Artificial Life. 2018;4:283-286

[97]Goel P, Joshi R, Sur M, Murthy HA.
A common spatial pattern approach for
classification of mental counting and
motor execution eeg. In: Tiwary US,
editor. Intelligent Human Computer
Interaction. Cham: Springer
International Publishing; 2018.
pp. 26-35

[98] Jurcak V, Tsuzuki D, Dan I. 10/20,
10/10, and 10/5 systems revisited: Their
validity as relative head-surface-based
positioning systems. NeuroImage. 2007;
34(4):1600-1611

[99]Oostenveld R, Praamstra P. The five
percent electrode system for high-
resolution EEG and ERP measurements.
Clinical Neurophysiology. 2001;112(4):
713-719

[100] Faradji F, Ward RK, Birch GE.
Plausibility assessment of a 2-state self-
paced mental task-based BCI using the
no-control performance analysis.
Journal of Neuroscience Methods. 2009;
180(2):330-339

[101] Birch GE, Lawrence PD, Lind JC,
Hare RD. Application of prewhitening
to AR spectral estimation of EEG. IEEE
Transactions on Biomedical
Engineering. 1988;35(8):640-645

[102] Blanchard G, Blankertz B. BCI
competition 2003-data set IIa: Spatial
patterns of self-controlled brain rhythm
modulations. IEEE Transactions on
Biomedical Engineering. 2004;51(6):
1062-1066

[103] Bashashati A, Fatourechi M, Ward
RK, Birch GE. User customization of the
feature generator of an asynchronous
brain interface. Annals of Biomedical
Engineering. 2006;34(6):1051-1060

[104]Welch BL. The generalization of
‘student’s’ problem when several
different population variances are
involved. Biometrika. 1947;34(1-2):
28-35

[105] Aydin S. Determination of
autoregressive model orders for seizure
detection. Turkish Journal of Electrical
Engineering & Computer Sciences.
2010;18:23-30

[106] Krusienski DJ, McFarland DJ,
Wolpaw JR. An evaluation of
autoregressive spectral estimation
model order for brain–computer
interface applications. In: 28th Annual
International Conference of the IEEE
Engineering in Medicine and Biology
Society (EMBS). 2006. pp. 1323-1326

27

A Self-Paced Two-State Mental Task-Based Brain-Computer Interface with Few EEG Channels
DOI: http://dx.doi.org/10.5772/intechopen.83425



[107] Simpson DM, Infantosi AFC,
Junior JFC, Peixoto AJ, Abrantes LMdS.
On the selection of autoregressive order
for electroencephalographic (EEG)
signals. In: 38th Midwest Symposium on
Circuits and Systems. Vol. 2. 1995.
pp. 1353-1356

[108] Anderson NR, Wisneski K,
Eisenman L, Moran DW, Leuthardt EC,
Krusienski DJ. An offline evaluation of
the autoregressive spectrum for
electrocorticography. IEEE Transactions
on Biomedical Engineering. 2009;56(3):
913-916

[109]Oliveira LF, Simpson DM, Nadal J.
Autoregressive spectral analysis of
stabilometric signals. In: 16th Annual
International Conference of the IEEE
Engineering in Medicine and Biology
Society, Engineering Advances: New
Opportunities for Biomedical Engineers.
1994. pp. 1300-1301

[110] Faradji F, Ward RK, Birch GE.
Toward development of a two-state
brain–computer interface based on
mental tasks. Journal of Neural
Engineering. 2011;8(4):046014

[111] Burg JP. A new analysis technique
for time series data. In: NATO Adv.
Study Inst. on Signal Processing with
Emphasis on Underwater Acoustics;
Enschede, The Netherlands. 1968
(reprinted in Modern Spectrum
Analysis, D.G. Childers, ed., IEEE Press,
pp. 42-48, 1978)

[112] Palaniappan R, Raveendran P,
Nishida S, Saiwaki N. Autoregressive
spectral analysis and model order
selection criteria for EEG signals. In:
Proceedings of the IEEE Region 10
Technical Conference (TENCON
2000). Vol. 2. 2000. pp. 126-129

[113] Franaszczuk PJ, Blinowska KJ,
Kowalczyk M. The application of
parametric multichannel spectral
estimates in the study of electrical brain
activity. Biological Cybernetics. January
1985;51(4):239-247

[114] Atkinson AC, Riani M, Cerioli A.
Exploring Multivariate Data with the
Forward Search. New York: Springer;
2004

28

New Frontiers in Brain-Computer Interfaces


