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Abstract. One problem in current Brain-Computer Interfaces (BCIs)
is non-stationarity of the underlying signals. This causes deteriorating
performance throughout a session and diﬃculties to transfer a classiﬁer
from one session to another, which results in the need of collecting training data every session. Using an adaptive classiﬁer is one solution to keep
the performance stable and reduce the amount of training that is needed
for a good BCI performance. In this paper we present an approach for
an adaptive classiﬁer based on a Support Vector Machine (SVM). We
evaluate its advantage on oﬄine BCI data and show its beneﬁts and online feasibility in an online experiment using a MEG-based BCI with 10
subjects.
Keywords: Brain-Computer interface (BCI), adaptive control, Support
Vector Machine (SVM).

1

Introduction

The goal of a Brain-Computer Interface (BCI) is to enable the user to communicate or control a computer by means of pure brain activity. While in most
non-invasive BCIs electro-encephalography (EEG) is the method of choice,
magneto-encephalography (MEG) is another interesting, but rarely used technique for measuring and recording brain activity. It provides a higher spatiotemporal resolution and has been shown to work well for BCI[1].
Nevertheless it suﬀers from the same problem as EEG-based BCIs, namely the
non-stationarity of the recorded signal, which introduces a covariate shift of the
data. Reasons for non-stationarity may be caused by the transfer from training
without feedback to online usage with feedback, head movements in the MEG,
which cause the generating brain areas to be under a diﬀerent sensor, or changes
in the mental state over time. These non-stationaries especially are a problem,
when a classiﬁer trained on data of a previous session is used for classiﬁcation,
which is often referred to as the session-transfer problem.
Adaptive classiﬁers may be one possibility to alleviate non-stationaries[2]. It
has been shown that linear discriminant analysis(LDA) classiﬁers can be adapted
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unsupervised and that adaption may improve BCI performance[3,4,5]. But, disregarding this paper, Vidaurre et al. are the only ones who showed that an
unsupervised classiﬁer adaption can be used online in a BCI[6].
While previous works use LDA for classiﬁcation, we focus on SVM-based
classiﬁers in this paper. By incorporating the new continuously available data,
the classiﬁer can be tuned to reﬂect changing data distributions. This should
result in increased performance and reduce the need to collect more training
data.
But a high accuracy is not the only requirement for a classiﬁer that is used in
a BCI. For online feedback the classiﬁer has to be eﬃcient, since the adaption of
the classiﬁer must not slow down the BCI or interfere with the response time of
the BCI. This is especially challenging when recording MEG, since the amount
of data collected with MEG is much larger than with EEG.
In the following we will present an algorithm that adapts itself to changing
data and is eﬃcient enough to be used online with high-dimensional MEG data.
For the ﬁrst time, we show in an online experiment that unsupervised adaption
of a SVM increases BCI performance.

2
2.1

Method
Adaptive BCI Classiﬁer

For unsupervised adaption of the SVM[7] classiﬁer we used a method that is
similar to co-training[8], but can be used online. Assume our initial training data
D consists of N samples {x1 , ..., xN } with xi ∈ Rn and given labels [y1 , ..., yN ]
with yi ∈ {−1, 1}. D is used to train an initial SVM classiﬁer by
N

1
||w||2 + C
ξi
w,ξ,b 2
i=1
subject to yi (w, xi  − b) ≥ 1 − ξi ,

min

(1)
ξi ≥ 0, i = 1, ..., N

The sign of the decision function f (xi ) = w, xi  + b is used to determine the
class label.
If a new sample xj is available, it is classiﬁed by zj = sign(f (xj )) and the
posterior class probability pj = P r(yj = zj |xj ) is calculated. Platt’s probabilistic output[9] is used to estimate pj by computing the parameters (A, B) for a
sigmoid function that approximates the posterior class probabilities
P r(yi = 1|xi ) ≈ PA,B (f ) ≡

1
,
1 + exp(Af + B)

wheref = f (x)

(2)

Since the true class label is unknown only the predicted class label zj can be used
for incorporating xj and adapt the classiﬁer. As a wrong prediction of zj could
lead to an inferior classiﬁer when used for adaption, pj is taken into account to
ensure a high probability of zj being correct. A threshold pt is deﬁned and if
pj > pt holds, xj is added to the training data set D with yj = zj .
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Since D has changed, (1) needs to be solved again. Although this could be
done by using SMO[10], it wouldn’t be feasible when used online, because the
solution for (1) would be computed from scratch each time D changes. Therefore
the method described by Diehl and Cauwenberghs[11] is used to train a SVM
and incrementally update the solution every time a new sample is added. All
code was written in Matlab1 .
The choice of a proper pt is crucial. Choosing a smaller pt can lead to suboptimal results due to bad class information, while a higher pt only allows very
few samples to be used for adaption. In the following pt = 0.8 is used, which
worked as a good tradeoﬀ. This value has been chosen empirically based on the
data described in the next section. Detailed results from the parameter selection
are also presented later in this paper.
2.2

Oﬄine Analysis

Data. To evaluate the possible beneﬁt of the adaptive classiﬁer, an oﬄine analysis was performed on previously recorded data[12] from 10 subjects. The data
consisted of 2 classes: a subtraction task and a motor imagery task.
Each subject participated in 2 sessions, with each session consisting of 51 trials
per task. Recording was done with a 275-channel whole-head MEG-system (VSM
MedTech Ltd.) at a sampling rate of 586 Hz. Each trial lasted 4.05 s with about 6
s of break between the trials. Instructions were given on a screen and a ﬁxation
cross was displayed during trials to minimize eye movement. This was only a
recording of data and no BCI feedback was given to the subjects.
Signal Processing and Classiﬁcation. The signals were ﬁltered and resampled to 200 Hz. For spatial ﬁltering a small laplacian derivation was applied.
To reduce the number of channels only the 185 inner channels were used, which
should also reduce the inﬂuence of possible artefacts, which are most prominent
on the outer channels. After the preprocessing, the power spectrum was estimated by an autoregressive model of order 16 computed with the Burg Method
and the frequency range from 1 to 40 Hz with a bin width of 2 Hz was used. The
logarithm function was applied to each value. Before classiﬁcation r2 -ranking[13]
was used for feature selection. We did not estimate the optimal number of features by cross-validation, which introduced overﬁtting in previous experiments,
but instead used a ﬁxed number of 1000 features. Each feature was normalized
to have zero mean and unit variance for the training dataset. The test dataset
was scaled according to the mean and standard deviation of the training dataset.
For classiﬁcation we always used the ﬁrst session for training and the second
session to test the classiﬁer. This procedure was chosen to speciﬁcally address
the problem of non-stationarities and the session-transfer problem.
To evaluate the proposed adaptive method, we compared it to other SVMbased approaches. For all methods the SVM parameters were kept constant with
1

A small Matlab library for incremental SVM classiﬁcation including
multiclass-support and Platt’s probabilistic output can be downloaded at
http://www-ti.informatik.uni-tuebingen.de/~ spueler/mcpIncSVM/
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C = 1 and a linear kernel was used. We decided against a parameter estimation
by gridsearch and cross-validation because it introduced overﬁtting in previous
experiments.
As baseline classiﬁer a non-adaptive SVM was used. Apart from the method
proposed in section 2.1, a supervised adaption was performed: after classiﬁcation
of trial xj the classiﬁer was updated by adding xj with the true class label yj .
To compare the presented adaptive algorithm with other adaptive SVM-based
methods, the approaches by Tamura et al.[14] and Li et al.[15] were used. For the
method by Tamura et al. diﬀerent ζ and η were tested and the best parameters
used.
2.3

Online Experiment

To conﬁrm the results from the oﬄine analysis (shown in section 3), an online
experiment was designed with 10 subjects. The same two classes were used as
in the data for the oﬄine analysis: a motor imagery task and a subtraction
task. To explicitly evaluate the proposed adaptive algorithm in context of the
session-transfer problem, each subject should participate in two sessions. In the
ﬁrst session 200 trials training data were recorded and a non-adaptive classiﬁer
was tested afterwards with online feedback. In the second session the adaptive
classiﬁer (initially trained on the training data from the ﬁrst session) was used for
online feedback in 200 trials. Since two of the subjects did not achieve signiﬁcant
BCI control in the ﬁrst session, they did not participate in the second session.

Fig. 1. Online paradigm for the MEG-based BCI. A) training phase without feedback.
B) test phase with feedback.

A 275-channel whole-head MEG-system (VSM MedTech Ltd.) at a sampling
rate of 586 Hz was used to record the data. During measurement the head
position was continuously recorded. During the test phase feedback was given
after every trial, which indicated the result of the classiﬁer. The paradigm as
well as the time intervals used in the online experiment can be seen in ﬁgure 1.
To evaluate the beneﬁt of the adaptive classiﬁer we simulated the online experiment by applying the non-adaptive baseline classiﬁer (as previously described
in 2.2) oﬄine to the data.
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Results
Parameter Selection

Results from the oﬄine analysis, where the proposed adaptive method was tested
with diﬀerent thresholds pt , are shown in ﬁgure 2. The highest accuracy was
obtained for pt = 0.75 with 90.3 %. Due to the steep drop of the accuracy when
using a pt < 0.75 or a pt ≥ 0.85, we decided to use pt = 0.8.

Fig. 2. Accuracy depending on the choice of the threshold pt . The gray curve shows
the actual values, while the black curve shows the smoothed accuracy values.

3.2

Oﬄine Analysis

The results for the oﬄine analysis are shown in table 1. With a mean accuracy of
89.7 % our adaptive classiﬁer performed better than the non-adaptive baseline
classiﬁer, which achieved an average accuracy of 87.9 %. The method by Li et al.
gave worse results (86.2 %) than the non-adaptive classiﬁer, while the method
by Tamura et al. gave exactly the same results as the non-adaptive classiﬁer
(87.9 %).
Interestingly the adaptive classiﬁer even marginally exceeded the accuracy for
a supervised adaption, that resulted in an average accuracy of 89.4 %.While for
the approach by Tamura et al. diﬀerent ζ and η were tested, ζ = 0.7, η = 0.1
worked best for this data, which are the same parameters as used in [14].
3.3

Online Experiment

The results from the online experiment are shown in ﬁgure 2. While the online
accuracy averaged over all 8 subjects was 84.6 %, the mean accuracy for the nonadaptive classiﬁer was 80.5 %. There was no correlation between the number of
days between the sessions and the beneﬁt by the adaptive algorithm.
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Table 1. Oﬄine accuracies for diﬀerent methods of adaptive classiﬁcation. Best results
are printed bold, ignoring the condition with supervised adaption.
subject
A01
A02
A03
A04
A05
A06
A07
A08
A09
A10
mean

adaptive
78.4 %
95.1 %
95.1 %
84.3 %
89.2 %
87.3 %
97.1 %
98.0 %
75.5 %
97.1 %
89.7 %

Li et al. Tamura et al. non-adaptive supervised
77.5 %
76.5 %
76.5 %
71.6 %
95.1 %
92.2 %
92.2 %
93.1 %
94.1 %
95.1 %
95.1 %
97.1 %
83.3 %
90.2 %
90.2 %
90.2 %
88.2 %
83.3 %
83.3 %
93.1 %
63.7 %
81.4 %
81.4 %
86.3 %
98.0 %
98.0 %
98.0 %
97.1 %
95.1 %
96.1 %
96.1 %
96.1 %
73.5 %
74.5 %
74.5 %
71.6 %
93.1 %
92.2 %
92.2 %
98.0 %
86.2 %
87.9 %
87.9 %
89.4 %

Table 2. Accuracies for the presented adaptive SVM algorithm during the online
experiment, simulated online accuracies with the non-adaptive baseline classiﬁer and
the number of days between session 1 and session 2
subject online adaptive non-adaptive days between S1 and S2
B01
92.5 %
68.0 %
2
92.0 %
90.5 %
1
B02
95.5 %
94.0 %
1
B03
84.0 %
84.5 %
1
B04
97.5 %
97.5 %
1
B05
83.5 %
82.5 %
6
B06
59.5 %
59.0 %
1
B07
72.0 %
68.0 %
1
B08
mean
84.6 %
80.5 %
1.75

When pooling the results from the oﬄine analysis and the online experiment,
the proposed adaptive algorithm has a signiﬁcantly better accuracy than the
non-adaptive baseline algorithm (p < 0.05, paired t-test).

4

Discussion

The oﬄine analysis has shown that the adaptive algorithm presented in this
paper increases accuracy compared to the non-adaptive baseline algorithm and
has better performance than the methods by Li et al. and Tamura et al.. In
addition its average performance is better than a supervised classiﬁer, which
is stunning on ﬁrst sight. The reason for this is unknown, but one explanation
could be erroneously labeled data. If the subject performed the wrong mental
task during a trial, the label would be wrong. Despite the wrong label, the
adaptive classiﬁer could detect the correct class and use the data with a correct
label for training.
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With the online experiment we have veriﬁed the results from the oﬄine analysis, that the presented adaptive algorithm increases performance. We have also
shown the presented algorithm to be eﬃcient enough to be used online. Since we
have shown it to work with high-dimensional MEG-data, it will also work with
EEG or ECoG data.
We used some principles of co-training and expanded it to suit the special
needs for online adaption of a BCI system. In addition we used incremental
training of the SVM to avoid a complete retraining each iteration. This allows
the adaptive classiﬁer to handle high-dimensional data, as they occur when using
MEG, fast enough to be used in an online environment.
Due to limited space in this paper and the importance of experiments with
real BCI data, results from experiments with artiﬁcally generated data are not
presented here. But it should be mentioned that this method copes well with
highly non-stationary data (mean changes continously by more than 10 times
the standard deviation), if old data is removed by decremental unlearning[11].
A potential improvement of the classiﬁer could be made by additionally incorporating the information by error-related potentials (ErrPs), which can be
measured if the user detects an erroneous response by the BCI system. It has
been shown that ErrPs can be detected with suﬃcient accuracy during BCI
usage[16] and be used to correct errors. If an ErrP is detected, the result of the
classiﬁer is wrong with a high probability and therefore should not be used for
adaption.

5

Conclusion

In this paper we have proposed an adaptive SVM-based algorithm and have
shown in an oﬄine analysis of BCI data recorded with MEG, that it is superior to
other adaptive and non-adaptive classiﬁers. To verify this results, we performed
an online experiment with 8 subjects (10 intended) and proved the proposed
adaptive algorithm to achieve higher accuracies than the non-adaptive baseline
algorithm. We have shown unsupervised online adaption of a SVM classiﬁer in
a BCI for the ﬁrst time and could signiﬁcantly increase performance.
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