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Online Classification of Single EEG Trials During
Finger Movements

J. Lehtonen�, P. Jylänki, L. Kauhanen, and M. Sams

Abstract—Many offline studies have explored the feasibility of
EEG potentials related to single limb movements for a brain-com-
puter interface (BCI) control signal. However, only few functional
online single-trial BCI systems have been reported. We investigated
whether inexperienced subjects could control a BCI accurately by
means of visually-cued left versus right index finger movements,
performed every 2 s, after only a 20-min training period. Ten sub-
jects tried to move a circle from the center to a target location at
the left or right side of the computer screen by moving their left
or right index finger. The classifier was updated after each trial
using the correct class labels, enabling up-to-date feedback to the
subjects throughout the training. Therefore, a separate data col-
lection session for optimizing the classification algorithm was not
needed. When the performance of the BCI was tested, the classifier
was not updated. Seven of the ten subjects were able to control the
BCI well. They could choose the correct target in 84%–100% of the
cases, 3.5–7.7 times a minute. Their mean single trial classification
rate was 80% and bit rate 10 bits/min. These results encourage the
development of BCIs for paralyzed persons based on detection of
single-trial movement attempts.

Index Terms—Brain-computer interface (BCI), electroen-
cephalography, online training, single-trial classification.

I. INTRODUCTION

ABRAIN-COMPUTER interface (BCI) is a system for com-
munication and control with thoughts. The user has to gen-

erate brain activity that the BCI can detect from, e.g., EEG sig-
nals. A common approach is to ask the user to perform tasks
that are known to produce distinguishable brain activity in most
people. Tasks involving real or imagined limb movements are
among the most common [1]. The movements elicit in EEG a
lateralized readiness potential (LRP/Bereitschaftspotential) [2],
and changes in mu-rhythm power [3]. BCIs can, for example,
distinguish between left versus right hand movement tasks and
provide various applications for the user [1].

Many online BCI systems classify EEG signals related to
continuous motor imagery, e.g., [4] and [5]. This approach typ-
ically requires that subjects practice to control their mu-rhythm
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for several weeks or months [6] or that subjects engage in one
type of motor imagery for 7–8 s, so that mu-rhythm power can
be detected accurately [7]. In an alternative approach, a BCI
detects a user’s intent from single EEG trials related to dis-
tinct movements or movement attempts. If consecutive single
movements could be classified in short intervals without ex-
tensive training, this approach could benefit BCI development.
Single-trial classification has been used in many offline studies,
e.g., [8], [9] but only in a few online systems [10], [11].

The online BCI described in this study was evaluated with
able-bodied subjects. However, our aim is to develop a BCI that
paralyzed persons can use as well. To date, most single-trial BCI
studies have focused on offline analyses of self-paced move-
ments. The exact timing of each movement onset is measured
from electromyography or a button press, e.g., [8] and [9]. This
timing information is then used to extract features for classifi-
cation. Obviously, this approach does not work for paralyzed
persons. Therefore, either the self-paced movements have to be
detected from EEG asynchronously without the timing informa-
tion [11], or external cues have to be used to time the movements
[10]. We chose to use cues because asynchronous detection of
movement onsets is very difficult even with only one type of
movement [12].

The subjects in the present experiment performed real move-
ments every 2 s instead of imagining them. We used real move-
ments for several reasons. First, subjects may perform the move-
ment imagination in various ways, i.e., the degree of visualiza-
tion of the movement varies [13]. When imagining single move-
ments, many subjects may, for example, first make the decision
to move but then inhibit the actual movement and imagine it
instead. Such strategy is not necessary for paralyzed patients.
Second, the primary sensorimotor cortex of paralyzed patients is
activated more during movement attempts than during imagined
movements [14]. In addition, fMRI studies have shown that the
brain activity of paralyzed persons during movement attempts
resembles more the activity during actual than imagined move-
ments [15], [16].

Before starting to use an online BCI for the first time, each
subject usually participates in a 5–20 min long data collection
session without feedback, e.g., [17]. The classifier is trained
offline with this data, and used in the next session in which
subjects receive feedback. This feedback affects subject’s
EEG directly (for example, the feedback stimulus might affect
the visual alpha rhythm), and indirectly via changes in, for
example, attention and motivation [18]. Furthermore, during
feedback training, task-related EEG activity may change quite
rapidly when subject’s performance improves. This means that
the feedback is soon not up-to-date and the classifier has to
be trained again offline [19]. Online training, e.g., after every
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Fig. 1. Experiment consisted of two training parts and one test part. Generic features were used for classification in the first training part. During the break between
the training parts, subject-specific features were selected. In the test part, the model was not updated. Each part consisted of 1–4 sessions. Sessions were 3.5 min
long and they consisted of 16–30 games. One game consisted of 3–10 trials.

sample, keeps the classifier constantly up-to-date. The need
for such adaptation has been recognized [20], [21] but to our
knowledge online experiments have been conducted only by
Vidaurre et al. [22] and Millán et al. [21]. Both these authors
used the correct class labels to update the model throughout the
experiment. However, the correct class labels are not available
in actual BCI applications. To test BCI performance, a separate
test without supervised classifier updates is needed.

Our aim was to test whether novice subjects could achieve
satisfactory online BCI performance (more than 70% of the
single trials classified correctly) after about 20-min training
period. Subjects tried to move a cursor with EEG signals related
to externally-cued finger movements. The first 5–6 sessions
were for training and the last three for testing. The feature set
was initially identical for all subjects. Subject-specific features
were determined on the basis of the data from the first three
training sessions. Online feedback and classifier training was
started after the first ten movements. The classifier was then
kept up-to-date by training it after each sample in a supervised
manner. Each new sample was first classified before it was
used in the training. The last three sessions were for testing
the BCI performance and the classifier was no longer updated.
This corresponds to a real BCI application where class labels
are not available.

II. MATERIAL AND METHODS

A. TKK-BCI System

The TKK-BCI system (for earlier version of the system, see
[23]) consisted of a measuring device, server, client, graphical
user interface, and processing functions in MATLAB-domain.
The server collected EEG signals in 20-ms data packets and
sent them to the client over TCP/IP. The client collected the
data packets and saved them to files. When the client had col-
lected enough data packets for feature extraction, it sent them
to MATLAB (The Mathworks, Inc., Natick, MA) with MATLAB

Engine. Data were classified in MATLAB, and the result was sent
back to the client, which presented feedback to the user. Online
experiments were controlled from easy-to-use graphical user in-
terface. The high-level programming language and diverse se-
lection of signal processing functions of MATLAB allow rapid
prototyping of new functionality in the BCI system.

B. Subjects

Ten novice BCI users (S1–S10, five males, five females) aged
between 20–28 years participated in the study after informed
consent. None of the subjects had participated in EEG experi-
ments before.

C. Recording

Recordings were made inside an electrically shielded room.
EEG was measured with a 32-channel amplifier (Brain Products
GmbH, Germany). The computer was a Pentium 4 with 3 GHz
processor and 1 Gb of RAM. Data were recorded from six elec-
trodes (10–20 system): FC1, FC2, C3, C4, CP1, and CP2. Hori-
zontal and vertical eye movements were measured with three ad-
ditional electrodes. Two of them were located at the outer canthi
of the left and the right eye and the third one below the left eye.
The reference electrode was located at the midpoint between Fz
and Cz. Electrode impedances were below 10 k . The sampling
frequency was 500 Hz and the pass band was 0.016–225 Hz.

D. Experiment Setup

The experiment consisted of two training parts and one test
part (see Fig. 1). The classifier was trained online in the training
parts and kept static in the test part. Each part consisted of one to
four 3.5-min sessions. About 1-min breaks were held between
the sessions, and 5–10-min breaks between the parts. Every
subject had four sessions in the first training part. The second
training part consisted of 1–3 sessions, depending on each sub-
ject’s individual performance: Training ended after the first ses-
sion if its classification accuracy was over 90%, or after two ses-
sions if accuracy remained over 80%. After the training parts,
each subject completed three sessions in the test part. Each ses-
sion consisted of 10–30 games. One game consisted of moving
the cursor from the center to the target on one side of the com-
puter screen.

Fig. 2 shows the timeline of one game. In the beginning of
each game, a green arrow pointing to the left or the right was pre-
sented. Subject’s task was to move the circle towards the target
(the yellow rectangle at the left or the right side of the screen)
indicated by the arrow. The arrow stayed on the screen for 600
ms. A blue rectangle appeared in the middle of the bottom of
the screen 400 ms after the disappearance of the arrow. Sub-
jects were instructed to keep their gaze on the middle of this
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Fig. 2. Movement of the circle is illustrated at the top. The timeline of one game is shown at the bottom. The right side of the figure shows the three possible ways
how one game can be finished.

blue rectangle. The visual view was thus identical between the
left and right finger movement tasks. The rectangle narrowed
linearly and disappeared after 800 ms. Subjects were instructed
to prepare for the movement when the rectangle was visible and
lift their index finger when the rectangle disappeared, the time
which is later referred to as the cue. The rectangle reappeared
every 2 s ( 2 s). If the trial was classified correctly, the
circle moved towards the target, otherwise it moved in the op-
posite direction.

The movement of the circle was proportional to the class
probability given by the classifier: , where is the
output of the classifier, i.e., the posterior probability of the class
given the training data, and is the distance in pixels adjusted
according to the size of the screen. Thus, the larger the proba-
bility given by the classifier, the longer the step the circle took.
The target could be reached in a minimum of two trials, but in
practice at least three trials were required. The game ended when
either of the targets was hit, or the maximum number of ten trials
was reached. The circle was visible for 500 ms before a new
game started with the arrow.

E. Computation of Features

Fig. 3 illustrates the computation of features for one channel
(C4) and one subject (S1). The cue is marked with a vertical dark
grey line. Features were extracted from one-second segments of
EEG starting 0.6 s before and ending 0.4 s after the cue (topmost
part of Fig. 3).

First, linear trends were removed from the EEG and fast
Fourier transform (FFT) was computed [24]. Different fre-
quency bands were filtered by adjusting Fourier components
outside the desired pass-bands to zero. For frequency bands
below 3 Hz temporal features were computed by taking the
inverse Fourier transform. For higher frequencies, the feature
was the instantaneous amplitude, i.e., the magnitude of the
analytic signal computed with Hilbert transform [24]. Left,
middle, and bottom parts of Fig. 3 show examples of 1–3 Hz
and 10–12 Hz frequency bands from channel C4. The grey line
in the lower left picture in Fig. 3 shows the envelope of the fast
varying 10–12 Hz signal.

Right middle and bottom parts of Fig. 3 illustrate how the ac-
tual features are computed from the different frequency bands
by averaging amplitude values over short time windows. Each

Fig. 3. Computation of two features, 1–3 Hz averaged amplitude and 10–12
Hz averaged instantaneous amplitude, from EEG channel C3. Data from S1.

feature corresponds to an averaged amplitude value in a cer-
tain time window (indicated by the light grey vertical lines) for
one frequency band and one channel. The length and position of
the time windows can vary between different features. Although
Fig. 3 shows only one feature per frequency band, multiple fea-
tures corresponding to different time windows may have been
extracted from a single frequency band depending on the fea-
ture selection.

F. Feature Selection

In the first training part of the experiment, the same features
were used for all subjects because it was unknown which fre-
quencies react best to the movements of individual subjects.
Based on earlier experience, all features were computed from
the 1–3 Hz band at six electrodes located over the left and right
sensorimotor cortices (FC1, FC2, C3, C4, CP1, and CP2). Fea-
tures were computed from eight consecutive 50-ms time win-
dows starting from 200 ms before and ending 200 ms after the
cue. This gives a total of 48 features (6 channels 8 time win-
dows).

During the break between the training parts, features were se-
lected for individual subjects based on the data recorded during
the first training part. For subject S10, the feature set was also
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reselected during the break between the second training part and
the test part, using the data from the previous four sessions.

A large set of features (60 480) was computed for the fea-
ture selection using the same channels as in the first training
part. The features were computed from 36 2-Hz-wide frequency
bands: 1–3, 2–4, , 36–38 Hz. For each channel and band, fea-
tures were computed from several 100-ms time windows with
50 ms overlap starting 400 ms before and ending 300 ms after
the cue. This was also done from 50-ms time windows with 20
ms overlap starting 200 ms before and ending 200 ms after the
cue.

The Kolmogorov–Smirnov (KS) test statistic [25] was used as
a difference measure between the class-conditional cumulative
distributions for every feature independently. KS test statistic is
the maximum absolute difference between the cumulative dis-
tributions of two random variables. The larger the test value, the
better the feature was presumed for classification. Features were
chosen according to the test value so that there were no overlap-
ping frequency bands or time windows from the same channel.
This was done to decrease the redundancies among the features.
When a particular frequency band and time window was chosen
from one channel, the corresponding feature was also chosen
from the rest of the channels to obtain more information about
the same event from different scalp areas. The final set consisted
of 48 features (6 channels 8 time windows).

G. Online Classifier

During training, the classifier was trained online giving up-to-
date feedback to the subjects. First, after feature extraction and
normalization, each new sample was classified with the existing
model and the subject received feedback of the result. After
this, the classifier was updated with all previous samples in the
memory, which could hold a maximum of 200 samples from
each class. The oldest sample from the corresponding class was
replaced with the new one when the memory was full. The sam-
ples were labeled based on the movement task given by the
arrow in the beginning of each game. Online training of the clas-
sifier was started once a minimum number of five samples were
acquired from both classes. Thus, the subjects received feedback
almost from the beginning of the experiment. The classifier was
not updated during the test part.

The classification is based on three linear transformations of
the feature space and a linear classifier with a logistic output
function. First, linear whitening transformation is applied to the
whole data set to reduce dimensionality of the feature space and
to produce uncorrelated features. Second, three linear combina-
tions of the whitened features, to separate the classes, are deter-
mined: Fisher’s linear discriminant describing the direction in
the feature space where the classes are furthest apart, and two
principal components corresponding to the largest variance for
each class [26]. One class varies most in the direction of the
largest principal component. Due to the uncorrelatedness, this
is the direction of the smallest variance for the other class [27].
Thus, magnitude of the inner product of the feature vector with
these principal components can be used as a discriminative fea-
ture between the classes. Finally, a linear combination of these

three features is transformed to class probabilities with a non-
linear logistic output function.

During the two training parts, the feature transformations
were recomputed and the model was retrained after classifica-
tion of each new sample. Supervised training is not possible in
applications as the intent of the user is unknown. Thus, to eval-
uate the performance of the BCI, neither the transformations
nor the classifier were updated in the test part. A more detailed
mathematical description is in the Appendix.

III. RESULTS

A. Averaged EEG Signals

Fig. 4 displays the averaged signals of each subject from the
channel and the frequency band that included the time window
containing the feature best differentiating between the left and
right finger movements. This feature was chosen using data
from the first training part with the feature extraction algorithm
(see Fig. 3). Signals are displayed for the first training part
and the test part. In five subjects (S1–S3 and S7–S8), the best
features were around 10 Hz, in four others (S5–S6, S9–S10)
they were around 2 Hz. In S4, the best feature was found in
the 18–20-Hz band. Signal amplitudes between 10–14 Hz were
higher in the hemisphere ipsilateral to the performing hand, and
between 1–3 Hz higher in the contralateral hemisphere. In the
test part of S5, S8, and S10, the largest amplitude difference
between the left and right movement is not in the same time
window as that in the first training part. This indicates that the
best features had changed; the features chosen from the first
training part were not optimal during the test part.

B. Performance in the Application

The present application consisted of games with two choices
(see Fig. 2). The game could end in three different ways: 1) the
circle hit the target (Hit); 2) the circle missed the target and
hit the rectangle on the opposite side (Miss); or 3) the max-
imum number of ten trials was reached without either hit or
miss (Max). Table I displays the number of Hits, Misses, and
Maxes for each subject in the test part of the experiment. Sub-
jects S1–S4, S7 and S8 made no Misses. The Hits/Games per-
centage indicates the proportion of the games that ended in Hits.
In S1, this percentage is 100% (no Misses, no Maxes), and in
S2–S7 it is between 84%–95%.

The performance speeds are also shown in Table I. Hit
interval indicates the average time between two consecutive
hits, i.e., the number of hits divided by the duration of the test
part (Maxes included). This was the time required to make
one choice in the application. Hit times of the subjects varied
between 8–93 s. Subjects S1–S7 could hit targets in less than
17 s intervals, S1 being the fastest (8 s). Subjects S8–S10 were
considerably slower (32–93 s). Hits/min indicates the average
number of hits in one minute. It varied between 0.6–7.7. Sub-
jects S1–S6 could hit in average over four targets in 1 min.

C. Classification Accuracy of Single EEG Trials

The left column of Table II shows how well single EEG trials
were classified in the test part of the experiment. The mean clas-
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Fig. 4. Averaged signals (solid lines, black left; grey right), and their standard
deviations relative to the mean (dashed lines, black left; grey right) from the
first training and the test parts of the experiment. Signals in the time window
(indicated by the gray vertical lines) represent the best subject-specific features
determined by the feature selection. The cue is at the time point 0.

TABLE I
FIRST THREE COLUMNS REPORT THE NUMBER OF HITS, MISSES, AND MAXES

OF THE TEST PART FOR EACH SUBJECT. HITS/GAMES IS THE PERCENTAGE OF

THE GAMES THAT ENDED TO HIT. HIT TIME TELLS THE AVERAGE INTERVAL OF

CONSECUTIVE HITS, AND HITS/MIN THE MEAN NUMBER OF HITS IN A MINUTE

sification accuracies of different subjects were 56%–95%; the
mean for all subjects was 74%. S1–S6 performed well; their

TABLE II
FIRST COLUMN REPORTS THE MEAN ONLINE SINGLE TRIAL ACCURACY IN THE

TEST PART FOR EACH SUBJECT. THE NEXT COLUMNS DISPLAY THE SINGLE

TRIAL ACCURACIES COMPUTED FROM THE TEST PART DATA SEPARATELY FOR

THE FIRST, SECOND, AND THE THIRD TRIAL OF A GAME. THE LAST COLUMN

REPORTS THE ONLINE BIT RATES FOR EACH SUBJECT (BITS/MIN)

classification accuracies were higher than 74%. The classifica-
tion accuracies of S8–S10 were low. However, despite the poor
classification accuracy, even they could control the application
and had only a few misses (see Table I).

The three middle columns of Table II show the mean classi-
fication accuracies computed from the recorded predictions of
the test part separately for the first, second, as well as the third
trial of the game.

The first trial (77%) was classified slightly better than the
second and the third (both 73%). The rightmost column of
Table II also shows mean single trial bit rate (bits per minute)
[28] computed from all trials of the test part. Mean bit rate
across all subjects was 7 bits/min. Subjects S1–S6 achieved bit
rates over 6 bits/min; S1 was the best with 22 bits/min.

To ensure that the BCI was not controlled by subjects’ eye
movements, we reanalysed the data of the whole experiment of-
fline using only the EOG channels. Given the recorded data, this
analysis is deterministic, i.e., the single trial accuracies reported
in this study could be recovered by simulating the experiment
with the EEG channels mentioned in Section II-C. Thus, these
simulation results with the EOG channels indicate if the BCI
control could have benefited from subjects’ voluntary eye move-
ments. As in the online experiment, features were first selected
based on the data from the first training part, the classifier was
then optimized with the data from the second training part, and
finally the single EOG trials of the test part were predicted with
the obtained classifier. In individual subjects, the offline classi-
fication accuracies were from 49% to 56% (mean 52%) for all
subjects. Thus, we conclude that our BCI control was indepen-
dent of subjects’ eye movements.

IV. DISCUSSION

In the present experiment, single EEG trials during exter-
nally-cued movements, performed every 2 s, could be classi-
fied with 80% accuracy in 7/10 subjects after about 20 min of
feedback training. The subjects had to make several consecu-
tive movements of the same finger until they reached the target.
Thus, the subjects could make a choice in the present application
only as often as the target was hit—not once every 2 s. However,
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mean classification accuracy calculated only for the first trial
of each game is slightly (but not significantly) higher than the
mean over all trials (77% versus 74%). Thus, performing several
consecutive trials did not increase accuracy of the single-trial
classification. Consequently, single left or right finger move-
ments could have been used to make choices about every 2 s
with the reported single-trial classification accuracy and bit rate.
Six of the ten subjects had mean classification accuracies of
75%–95%. Three other subjects achieved inferior performance
(61%–69%), but were still able to control the present applica-
tion. Mean single-trial bit rate for all 10 subjects was 7 bits/min.
For the best subject (S1), it was as high as 22 bits/min.

The subjects hit the correct target in 84%–100% of all games.
Furthermore, six of the ten subjects did not make any mistakes,
which is important in many practical applications. The speed at
which the application was used was good or adequate for S1–S7
who made a choice every 8–17 s. For S8–S10, the speed was
very slow. Partly compensating for the long intervals between
the choices, these subjects made very few mistakes (0–2). Be-
cause the circle moved according to the class probabilities, the
wrong target was not reached even after several wrong classi-
fications if these probabilities were low. Naturally, speed could
be increased by reducing the distance between the targets or by
increasing the length of the step the circle could move. How-
ever, this would also increase the proportion of mistakes. The
tradeoff between speed and accuracy can be adjusted according
to the application.

Our training period had two advantages. First, feedback was
presented almost from the beginning of the training. Therefore,
novice subjects became accustomed to the feedback and could
start learning the BCI control immediately, unlike when data are
first collected in a separate session without feedback. Second,
the classifier was trained after every single trial. It was possible
for the subjects to see changes in their performance and try to ad-
just their actions accordingly. Millán et al. [21] have compared
static versus adaptive classification and report significantly in-
creased performance with classifier adaptation. The adaptation
scheme used in the present study was a supervised successive
retraining, not an adaptive classifier based on a dynamic model,
see, e.g., [29]. Supervised online classifier training was also uti-
lized by Vidaurre et al. [22]. They also updated the classifier
online using class information. Classification was based on con-
tinuous imagery of left or right hand movements, not on single
EEG trials. Their results (75%–94% accuracies) cannot be di-
rectly compared to ours because they were obtained from ses-
sions where the classifier was constantly updated. Our results
are from the test part where the classifier was not updated.

With only 20 min training time, the feedback may not have
helped the subjects to control their EEG. However, feedback had
probably three positive effects. 1) It helped the subjects to con-
centrate on the task. 2) It increased the motivation of the subjects
and made them try harder. 3) It helped the subjects to improve
the timing of their movements. The feedback given in the first
training part may have been disadvantageous for some subjects.
If the general low frequency features are not adequate, a sub-
ject may become frustrated leading to decrease in the quality of
the data used to select the subject-specific features. However,
we tried to avoid this by stressing to our subjects that the model

might not work in the beginning and that they should not get dis-
couraged but concentrate on performing the movements well.

Ideally, feature selection should be made online to overcome
these difficulties. However, this is computationally very de-
manding and a working solution was to do the feature selection
during the break between the first two training parts. Our
feature selection algorithm treated the features independently
even though they can be dependent of each other. They were
compared independently because it was not possible to estimate
the joint probability density for thousands of features with only
about 400 training samples. Neither was there enough time for
extensive subset selections during the 10-min break. We chose
a relatively high (48) number of features to compensate for the
lacks in the feature selection. Furthermore, we reduced the di-
mension and the redundancies among the chosen features with
a whitening transformation. Three linear combinations were
used to compute the final features; the Fisher’s discriminant
turned out to be the most informative.

In almost all other BCI experiments with real movements,
the movements have been self-paced and the timing informa-
tion of the movement onset has been used when extracting fea-
tures [8], [9]. Even though higher classification accuracy is pos-
sible when timing information is used, paralyzed persons cannot
use such BCIs because the onsets of the attempted movements
are unknown. In the only other online study utilizing externally
cued hand movements, six subjects performed wrist extensions
with the left or right hand every 3 s depending on the presented
cue [10]. A baseline for the event-related desynchronizations
was calculated from a 1-s prestimulus period. An arrow cue
was presented for 3 s after this baseline period. Then the sub-
jects performed brisk extensions of the wrist corresponding to
the cue every 3 s. Each movement was classified according to
its class probability, 2 for very clear, 1 for clear decision,
and 0 for unclear decision (negative sign represents the incor-
rect classifications). When the sum of cumulative classification
decisions exceeded a threshold of 3, feedback of the game
outcome was given to the subject. The hits/games proportion
of the best subject was 100%, and the average hit interval was
about 13 s. Hits/games proportions of the other subjects were
51%–94%, and the average hit intervals 16–25 s. Our results
were considerably better for S1–S7 (84%–100%, 8–17 s). How-
ever, hit/games proportions of these two studies cannot be di-
rectly compared, because of the maximum step limit in our ap-
proach, and the different way the class uncertainty was formu-
lated. Single trial EEG classification accuracies of Pfurtscheller
and coworkers were 51%–69%, ours being 56%–95%. Our par-
adigm does not require a baseline period, enabling our subjects
to perform movements every 2 s.

BCIs using continuous movement imagery, in contrast to
single-trial classification, have either required long-training
times [6], or a long trial duration to detect changes in mu-rhythm
power accurately [5], [7]. Recently, high information transfer
rates, up to 24.4 bits/min, were obtained in an online BCI study
with imagined movements after only about half an hour training
time [17]. These authors used spatial filters to extract robust
features from 118 EEG channels and no online adaptation
was required for good performance in feedback sessions. Thus,
continuous motor imagery can enable efficient BCI control with
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higher bit rates. However, further experiments with paralyzed
person are required to decide the best approach for online BCI
development.

APPENDIX

We describe here the mathematical details of the methods
used for online training of the classifier. Total of

-dimensional feature vectors are stored in
the columns of matrices and for classes and ,
respectively. To compute the linear whitening transformation,
data from both classes is put into a single matrix

. Each row (i.e., feature) of the matrix is normalized
to zero mean and unit variance. The covariance matrix for the
whole data is diagonalized using eigenvalue decomposition

(1)

where is a diagonal matrix of eigenvalues and a matrix
of orthonormal eigenvectors. The whitening matrix is com-
puted using the largest eigenvalues and the corresponding
eigenvectors of the covariance matrix

(2)

where was set to 20. Using the whitening transformation we
compute the uncorrelated features

(3)

where and is matrix. The whitened features
are spherically distributed around the origin in -dimensional
space with unit variance. If, e.g., class has nonzero mean ,
must also the other class have nonzero mean because

. Thus, the classes can be distinguished based on
their means by computing the Fisher’s linear discriminant
from the whitened features [26]

(4)

where

(5)

and

(6)

In addition to the Fisher’s discriminant, we use principal
component analysis to determine the linear combinations of the

whitened features that maximize the within-class variance
for each class. Equation (5) can be written as

(7)

where the last sum becomes negligible as the class means
approach each other. In the limit covariances share the
same eigenvectors and the corresponding eigenvalues sum
to unity, i.e., , where is the diagonal
eigenvalue matrix of [27]. Consequently, if class has
large variance (eigenvalue) in the direction of eigenvector
must the other class have small variance in that direction. To
ensure that nonzero class means will not inflict errors during
classification, the covariances are deflated, so that the variances
in the direction of are zero, i.e.,

(8)

where , and is normalized to
unit length. The resulting eigenvectors will be orthogonal
to Fisher’s discriminant . Only the eigenvector corresponding
to the largest eigenvalue from each class is used as a discrimi-
native feature. We combine these eigenvectors with the Fisher’s
discriminant and form the final transformation matrix

(9)

During the online experiment each component of a new fea-
ture vector is first normalized using the mean and standard
deviation of the training data after which the transformation ma-
trix is applied, . Because and are the directions
of the largest variance for classes and , we take the abso-
lute values of components and . This yields three features
which are used as an input to a linear classifier with a logistic
output function

(10)

where is a vector of model parameters and the esti-
mated posterior probability for class . Parameters are opti-
mized with the iterative least squares algorithm [30]. After each
new sample, only a couple of iterations are required to update
the previous parameters values to new ones.
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