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A Fully On-Line Adaptive BCI

C. Vidaurre*, A. Schlöogl, R. Cabeza, R. Scherer, and

G. Pfurtscheller

Abstract—A viable fully on-line adaptive brain computer interface

(BCI) is introduced. On-line experiments with nine naive and able-bodied
subjects were carried out using a continuously adaptive BCI system. The

data were analyzed and the viability of the system was studied. The BCI
was based on motor imagery, the feature extraction was performed with

an adaptive autoregressive model and the classifier used was an adaptive
quadratic discriminant analysis. The classifier was on-line updated by an
adaptive estimation of the information matrix (ADIM). The system was

also able to provide continuous feedback to the subject. The success of the
feedback was studied analyzing the error rate and mutual information of

each session and this analysis showed a clear improvement of the subject’s
control of the BCI from session to session.

Index Terms—AAR, adaptive classification, BCI, on-line adaptation,
QDA.

I. INTRODUCTION

A brain computer interface (BCI) is a system which enables people

to control devices using electroencephalogram (EEG) patterns, and it

is specially helpful to assist patients who have highly compromised

motor functions, such as completely paralyzed patients with, e.g., amy-

otrophic lateral sclerosis, [1]–[11].

In each new BCI application, the user has to be trained over a number

of sessions. Often, the EEG patterns change with time. Possible reasons

for these changes are the direct or indirect influence of the feedback,

changes in concentration, attentiveness, motivation, etc. A BCI system

needs to adapt to such changes. In practice, a new “classifier” [4], [12]

or new thresholds [10], [13]–[15] are obtained from the data; the clas-

sifier is updated after some runs or some sessions. So far, the update
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of the classifier was done manually, using more or less sophisticated

analysis tools and the experience of the experimenter. In [16]–[20], the

adaptation is automated, although it was not tried yet during feedback

experiments.

In this paper, an on-line adaptive classifier is investigated. This con-

tinuously adaptive classifier has been implemented in our on-line cue-

based 2-class BCI system and allows an update of the classifier with

each trial. The system was tested during feedback experiments with 9

naive subjects to prove the robustness and stability of this BCI.

II. METHODS

A. The Adaptive Classification Algorithm (ADIM)

ADIM is an adaptive version of the quadratic discriminant analysis

(QDA) that can be on-line estimated. QDA is a statistical classifier

based on the Mahalanobis distance di(x) of the observation x to class i

di(x) = (x� ���i)
T
�����1i � (x� ���i) (1)

where���iii is the covariance matrix for class i, ���i is the mean vector for

class i, and x is the feature vector.

For two classes, QDA can be obtained using the Mahalanobis dis-

tance of the feature vector to each class, as follows:

D(x) = d1(x)
1=2

� d2(x)
1=2

: (2)

If D(x) is greater than zero, then the input is classified as class 2,

and if the output is equal or less than zero, then the input is classified

as class 1.

As it can be seen in (1), QDA is based on the inverse of the covariance

matrix. This matrix can be adaptively estimated through the Matrix

Inversion Lemma [21]. Accordingly, ADIM is obtained through the

following update equation:

����1n;i = (1 + UC) �����1n�1;i �
1 + UC

1� UC + x � v

� v � v
T

(3)

where:

v ����1nnn�1;iii � x;

x current feature vector;

UC update coefficient;

n actual sample;

i class label.

The starting matrices ���0;i, which we called “initial classifier,” were

computed from 1620 trials recorded from 7 subjects in different ses-

sions. The data were recorded using different paradigms, [12].

Some other parameters, like the length of the adaptation window or

the time when the adaptation should start, are needed to complete the

description of the classifier and to explain how the adaptation works.

1) Mutual Information (MI): MI is a measure of the quality of the

signal to be separated into different classes, and it is measured in bits,

[22], [23]. It was used because of its robustness compared to the error

rate.

2) Initial Time, T ini: Is the Initial Time when the adaptation starts

within each trial. There are two ways to compute it. One method con-

sists of updating T ini every 3 runs (120 trials) and selecting the mo-

ment when the maximum MI occurs. In this case, the MI is computed

0018-9294/$20.00 © 2006 IEEE



IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 53, NO. 6, JUNE 2006 1215

Fig. 1. Classifier adaptation in a trial, the classifier is adapted N samples be-
ginning in and applied after the delay time in the next trial.

using the recorded output of the classifier of the last 3 runs and it is dis-

continuously updated. This method was used for subjects S1 to S6. The

second method allows a continuous and automatic update of T ini, so

that all the adaptation process is done in a trial basis. We developed an

on-line estimation of the MI,MIt, using a moving average algorithm,

shown in (4)

MIt =mi � UCtini +MIt�1 � (1� UCtini) (4)

T ini = tj
max(MI )

(5)

where mi is the output of the classifier multiplied with the class label

of the current trial, and UCtini is the one used for ADIM. The time

when the maximum ofMIt appears, it is selected as T ini for the next

trial. This method was applied to subjects S7–S9.

3) Window Length, N : Is the Number of samples of the adaptation

period, and it varies in a range from 0.25 to 1 s. These values were

found optimizing the parameters of the classifier and using data from

several subjects, as described in Section II-B.

4) Update Coefficient,UC: Is the update coefficient for the adapta-

tion, given in samples. In fact, we are interested in knowing the number

of trials that the classifier will remember, but the update coefficient has

to be given in samples to the classifier. For this reason, we define two

update coefficients and both are related through a formula that involves

N . We define UC2 as the intertrial update coefficient. This means that

UC2 � 1=NTRIALS, where NTRIALS is the number of trials

that the classifier takes into account. Now UC is defined as the intra-

trial update coefficient. UC is a coefficient whose unit is samples in-

stead of trials, and it is the one that we apply in the calculations. The

formula that relates them is: UC2 = 1� (1� UC)N or equivalently

UC = 1� (1� UC2)
1=N . For these experiments UC is fixed to 120

trials, or 3 runs. This value is again result of optimizing the parameters

of the classifier, see Section II-B.

5) Delay Time: In order to avoid over-fitting problems, a delay time

is applied. The updated classifier starts after the end of the current trial;

therefore, the samples used for the adaptation are independent from the

ones when the classifier is applied.

Fig. 1 is a scheme of the adaptation within a trial, and it is repeated

in every trial of each run.

B. Optimization of ADIM Parameters

An optimization was performed to find proper values of UC and

N . Previous data from 6 subjects, performing feedback training, were

Fig. 2. Electrode positions.

used. It was a two classes system (left- and right-hand movement im-

agery) and all subjects were naive. The total amount of trials was 4320.

The range of UC was from 8 to 440 000 trials, changing in logarithmic

scale in 25 steps. The range of N was from 1 to 128 samples also in

logarithmic scale and changing in 7 steps. Since the total number of

parameter combinations was not very high, each parameter set was an-

alyzed. With each combination, the on-line model was simulated and as

performance measure the MI and error rate (ERR, percentage of error

in the classification) were computed. The set of values that provided

the maximum MI was selected for performing on-line experiments.

C. Description of the Experiments

The experiment started with 12 able-bodied subjects without pre-

vious BCI experience. Only results of 9 of them are presented. The rest

were rejected because artifacts were present during the feedback pe-

riod.

The recording was made using a g.tec amplifier (Guger Technologies

OEG Austria) and Ag–AgCl electrodes. Three bipolar EEG channels

were measured over the positions C3, Cz, and C4 (see Fig. 2). The EEG

was filtered between 0.5 and 30 Hz and sampled with 125 Hz.

The experiment consisted of 3 sessions for each subject. Each ses-

sion was conducted on a different day and 9 runs were recorded. One

run consisted of 40 feedback trials. Between runs there was a break

of some minutes (between 1 and 15 min). For each subject the total

number of trials is 1080.

The experiment was based on the basket paradigm [24]. The subjects

sat on a relaxing chair with armrests. In each trial, the subject saw a

black screen for a fixed length pause (3 s). Then, two different colored

baskets (green and red) appeared at the bottom of the screen. At this

moment, also a little green ball appeared at the top of the screen. After

1 s more, the ball began to fall downward with constant speed. The

horizontal position of the ball was directly controlled by the output of

ADIM classification. The subject’s task was to control the green ball by

the imagination of left- or right-hand movements, [25], [26], and try to

keep it as long as possible in the side where the green basket appeared.

The duration of each trial was 7 s, with a random interval between trials

from 1 s to 2 s. The order of left and right cues was random. The sub-

jects were instructed to only imagine the movements and they were said

that real movements were forbidden. A camera mounted in front of the

subject was used to check that he/she kept still. Also during the experi-

ment, the recorded signals were displayed in a screen to visually detect

artifacts and to check if the subjects used them to control the system,

although in [26] it was published that EEG patterns of performed and
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Fig. 3. Two-dimensional projection of the features distribution of both classes calculated using ADIM at the end of each experimental session. (a) S2, session 1;
(b) S2, session 2; (c) S2, session 3; (d) S6, session 1; (e) S6, session 2; (f) S6, session 3; (g) S8, session 1; (h) S8, session 2; (i) S8, session 3.

imagined movements are similar. No automatic artifacts rejection was

applied during the experiments.

The basket paradigm was designed to motivate trained subjects

during the experimental sessions. We decided to use this “game like”

feedback with untrained subjects to keep their motivation high, but

due to their lack of experience we did not instruct them to try to hit the

basket with the ball, but to keep the green ball in the side where the

green basket appeared, as long as possible, in order to find at which
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moment of the trial the separation between classes was the best. In

fact, the instructions given to the subject depended on the person.

When the feedback was good, i.e., they showed fast some kind of

control of the ball, the subject paid attention to the feedback and to the

moment of best separation of classes. If the feedback was not good,

it might have been because his/her data was not easily separable for a

statistical classifier or because the general classifier did not represent

well enough the subject’s data. In this case, we instructed the subjects

to pay more attention to the imagination than to the feedback.

Features were computed based on Adaptive Autoregressive AAR pa-

rameters of order 3 [27]–[31] from the bipolar channels C3 and C4, see

Fig 2. The order of the AAR parameters was found by optimization, se-

lecting the order which yielded the maximum MI after the classification

of the features, using left- and right-hand motor imagery data from dif-

ferent subjects.

The BCI system used is based on the traditional cue-based Graz BCI

([8], [32]) where the classification part was modified to make it on-line

adaptive. As seen in Section II-A, ADIM estimates the inverse of the

covariance matrices of each class in order to combine the AAR param-

eters with a QDA.

From the first trial adaptation and feedback were running. The ini-

tial sessions without feedback, carried out to calculate a subject-spe-

cific classifier, were not needed anymore. Instead of them, an initial

and general classifier (matrices ���0;iii), was applied in the first trial and

then updated trial by trial resulting in a continuously adaptive classi-

fier (ADIM). The performance of the initial classifier was 0.0717 bits

of MI and 37.16% of ERR, and the first initial time (T ini, see Fig. 1)

for the adaptation was at second 4.425, which was the moment of max-

imum MI of the initial classifier. The output of ADIM was recorded

in each sample time for the analysis of its on-line performance during

the sessions. During the experimental sessions classical analyses were

performed to control the stability of the system. The functions used are

freely available in [33].

D. Off-Line Comparison of Continuous and Discontinuous

Adaptation

A comparison between the continuous trial-based adaptation of

the classifier presented in this paper and the traditional discontinuous

run-based adaptation, was performed using previously recorded

training data (without feedback) of three subjects (R1 to R3). 9 runs

were recorded for each them (180 trials for each class). The discontin-

uous adaptation was performed every three and four runs, with 60 and

80 trials for each class respectively like follows: using 3 runs, runs 1–3

were classified with the general classifier, runs 4–6 with the classifier

trained on runs 1–3 and runs 7–9 classified with the classifier trained

on runs 4–6. Using 4 runs, runs 1–4 were classified with the general

classifier, runs 5–8 with the classifier trained on runs 1–4 and run 9

with the classifier trained on runs 5–8. Features were AAR parameters

and classifiers QDA or linear discriminant analysis (LDA). For the

continuous adaptation, features were AAR parameters and classifier

was ADIM. The parameters of ADIM were the ones used in the

experiments and the initial time was continuously estimated (CTini).

III. RESULTS

A. Experimental Results

The nonstationary nature of EEG data makes necessary some kind of

adaptation of the system, which in previous BCIs was done by discon-

tinuous adaptation of the classifier. As introduced in [17] the nonsta-

tionarities of the features can be illustrated by two–dimensional (2-D)

projection of the feature space. Fig. 3 tries to show the shifting distribu-

tion of the features in three different time points: at the end of Sessions

1, 2, and 3. Each projection was calculated by consecutive cuts with

Fig. 4. Subject S6, session 3: time course of ADIM error rate and MI obtained
with single trial analysis.

TABLE I
MINIMUM ERROR RATE AND MAXIMUM MI OF TIME COURSE OF EACH

SESSION FOR SUBJECTS S1 TO S9 OBTAINED WITH SINGLE TRIAL ANALYSIS

hyperplanes which contain the mean points of both classes, are perpen-

dicular to a mixed subset of eigen vectors of the covariance matrices

of each class and to the LDA hyperplane. This method depicts similar

figures to the one in [17], but the technique how tho find the proper 2-D

projection is not the same. It is important remark that the planes used

to obtain the previous figures are different in each of them, but the im-

plemented method is identical in all cases. The hyper ellipsoids were

estimated by ADIM at end of each experimental session of subject S2,
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TABLE II
MINIMUM ERR AND MAXIMUM MI OF THE TIME COURSE OF DISCONTINUOUS AND CONTINUOUS ADAPTIVE CLASSIFIERS OBTAINED WITH SINGLE TRIAL

ANALYSIS

TABLE III
MEAN VALUE AND SEM OF ERR AND MI IN SESSIONS ACROSS SUBJECTS

(SEE TABLE I)

S6 and S8. Red color represents class one (left motor imagery), blue

represents class two (right motor imagery) and green is the separation

surface.

Fig. 4 displays ERR [%] versus time [s] and MI [bit] versus time [s]

for subject S6 in the third session. It is obtained computing a single trial

analysis of the session. The subfigure above shows the mean ERR and

the subfigure below is the mean MI over all trials of the session.

In Table I, we present the result for all subjects and sessions, where

the minimum ERR and the maximum MI are shown, together with the

time when they take place. For each subject and session a single trial

analysis, as shown in Fig. 4, was performed using the recorded output

of the ADIM classifier. Then, the minimum ERR and maximum MI

were selected to describe the performance of the classifier.

B. Discontinuous versus Continuous Adaptation

Table II illustrates the result of off-line comparing discontinuous and

continuous adaptation of the classifier with training (no-feedback) data

of three subjects, and shows the minimum ERR and maximum MI. In

the Graz BCI, the classifier was typically updated after 3 or 4 runs and

we compare such an adaptation with the continuous ADIM classifier.

In Table II, results show that ADIM obtains better ERR and MI than

these discontinuous classifiers and that the use of 4 runs instead of 3

also improves the performance.

IV. DISCUSSION

A. Experimental Results

Fig. 3 depicts the shifting distributions of the features of subject S6

at the end of each session, and tries to show the need of adaptation in

a BCI system, showing how the statistical properties of the data can

change with the time.

Looking at the time points in Table I, we see that ADIM not always

has maximum MI and/or minimum ERR at second 7 (at the end of the

trial). The experiments are based on the basket paradigm, and at first

sight it could be interpreted that a minimum ERR in the beginning of

the trial has no relevance when the classifier is random in the end of

the trial (meaning that the ball can fall in the wrong basket without the

subject being able to control it), but this depends on how the operator

instructs the subjects in the lab. As it was explained in Section II-C our

subjects were encouraged to try to control the ball where they felt more

comfortable and not necessarily in the end of the trial.

TABLE IV
MEAN VALUE AND SEM OF DISCONTINUOUS AND CONTINUOUS ADAPTIVE

CLASSIFIERS WHOSE RESULTS WERE SHOWN IN TABLE II

Table III displays the mean value and standard error of the mean

(SEM) from the ERR and MI shown in Table I.

By means of the presented algorithm the subjects were able to learn

to control their own brain activity and, therefore, to operate a BCI. In

Table III, the improvement of the subjects from session to session is

clear. This demonstrates the success of the feedback and that it is pos-

sible to do successful experiments using a fully on-line adaptive BCI.

There are not initial sessions without feedback, which were needed to

compute a subject-specific classifier, and feedback is applied from the

very first moment. Therefore the subject is able to learn to control the

BCI directly with feedback and can find a strategy, learning from the

answer of the system to his/her motor imagery.

B. Discontinuous Versus Continuous Adaptation

Table IV displays the mean value and SEM of the results presented in

Table II. These results, although illustrative, are not enough to demon-

strate whether continuous adaptation is better than discontinuous adap-

tation or not. Nevertheless, an improvement in ERR and MI can be seen

when comparing results of ADIM and discontinuous QDA or LDA for

all subjects. We also see an improvement with the use of 4 runs instead

of 3. LDA is better than QDA, probably because with LDA all trials can

be used to estimate the common covariance matrix, whereas in QDA

only the half of them is useful to calculate the covariance matrix of each

class. However, ADIM does not show this behavior although only 20

trials are available for each class in a run.

V. CONCLUSION

An adaptive BCI system has been implemented enabling a fully auto-

mated update of the classifier. To our knowledge, this is the first on-line

implementation of an adaptive classifier in BCI. The results demon-

strate that this BCI is stable and robust. Based on the feedback of this

system, the subjects were able to improve their performance. As a con-

sequence of the design of this BCI, training sessions without feedback

are not needed and the subject can find a strategy based only on the

response of the system.

Nevertheless, this adaptive classifier requires a cue-based BCI,

which is typically used to train new subjects. Cue-based BCIs are,

therefore, important in BCI research but noncue-based BCIs are real

systems that interpret the wishes of the users and adapting them is one

of the goals of our future work.
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