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Abstract. The performance of a brain-computer interface (BCI) system depends on data pre-processing,
feature extraction and classification methods used to build the classifier in that BCI system. Support
vector machine (SVM) has been proven as a powerful classifier for solving BCI classification problems,
however current SVM methods are sensitive to noisy data or outliers. In this paper, we propose a new
fuzzy approach to SVM-based BCI systems to enhance their classification performance. The proposed fuzzy
SVM method has been successfully applied to other pattern classification problems. The data set III for
motor imagery problem in BCI Competition II is used to evaluate our proposed method. Experimental
results show that our proposed method can improve classification accuracy in experiments performed on
a single data set with cross validation test and on two separate training and test data sets.
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1 Introduction

Brain-Computer Interface (BCI) is an emerging research field attracting a lot of research effort from researchers
around the world. Its aim is to build a new communication channel that allows a person to send commands to
an electronic device using his/her brain activities [1]. BCI systems have been provided for severely handicapped
people using their brain signals, and for patients with brain diseases such as epilepsy, dementia and sleeping
disorders [16]. A BCI system can be classified as an invasive or non-invasive BCI according to the way the brain
activity is being measured within this BCI. If the sensors used for measurement are placed within the brain, i.e.,
under the skull, the BCI is said to be invasive. On the contrary, if the measurement sensors are placed outside
the head, on the scalp for instance, the BCI is said to be non-invasive [16]. The non-invasive BCI systems
avoid health risks and associated ethical concerns. A typical non-invasive BCI system includes the following
stages: data acquisition, data pre-processing, feature extraction, classification, device controller and feedback
[9]. Noninvasive BCI systems can use a variety of brain signals as input, for example, electroencephalography
(EEG), magnetoencephalography (MEG), functional magnetic resonance imaging (fMRI), and near infrared
spectroscopy (NIRS). MEG, fMRI, and NIRS are expensive or bulky, and fMRI and NIRS present long time
constants and they cannot be deployed as ambulatory or portable BCI systems [4] [17]. As a result, the majority
of promising non-invasive BCI systems to date exploit EEG signal, mainly due to its fine temporal resolution,
ease of use, portability and low set-up cost.

The performance of a BCI system depends on data pre-processing, feature extraction and classification
methods used to build the classifier in that BCI system. Currently, numerous pre-processing, feature extraction
and classification methods have been proposed and explored for BCI systems. For data pre-processing and
feature extraction, the following methods have been applied: raw EEG signals [8][19][20], band powers [7][18],
power spectral density values [21], autoregressive parameters [6] and wavelet features [2][13]. For classification,
perceptron and multi layer perceptron [6][5], various SVMs [6][8][10] and linear discriminant analysis [2][6][21]
methods have been applied.

Although numerous pre-processing, feature extraction and classification methods have been proposed and
explored for BCI systems, none of them has been identified as the best method for EEG-based BCIs [16]. For
functional magnetic resonance imaging (fMRI) data, 18 classification methods were evaluated however none
of those classifiers is best for all types of data [10]. The good performance classifier is the random subspace
ensemble of SVM classifiers and the SVM method used in those classifiers was the standard SVM which was
also known as two-class SVM or binary SVM.

SVM has been proven as a powerful classifier for solving BCI classification problems, however current SVM
classifiers are very sensitive to noisy data or outliers. In our viewpoint, this sensitivity could be from the fact
that SVM considers all data points with the same importance in classification problems. In order to reduce the
sensitivity of less important data, we assume that training data points should not be treated equally. Therefore
it is very important to distinguish the meaningful training data points from outliers or noisy data. This can
be achieved by assigning a fuzzy membership value as a weight to each training data point. A new method for
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calculating fuzzy membership values has been proposed [11] [12] and is applied in this paper to the two-class
motor imagery classification problem. We assume that data points in overlapping regions are more important
than others. In order to explore data distributions in those regions, we use a fuzzy clustering technique to
determine clusters. Data points in these clusters will have the highest fuzzy membership value which is 1. Fuzzy
membership values for other data points are determined by their closest cluster accordingly, therefore their fuzzy
membership values will be lower. The data set III for motor imagery problem in BCI Competition II is used to
evaluate our proposed method. Experimental results show that our proposed method can improve classification
accuracy in both experiments on a single data set using cross validation test and on two separate training and
test data sets.

2 Fuzzy Support Vector Machine

Let {xi, yi}, xi ∈ Rd, i = 1, . . . , n be the training data set with two labels yi ∈ {−1,+1}. Fuzzy SVM will find
the optimal hyperplane [22]

f(x) = wT φ(x) + b (1)

to separate the training data by solving the following optimisation problem:

min
w,b

(1
2
||w||2 + C

n∑
i=1

λiξi

)
(2)

subject to

yi[wT φ(xi) + b] ≥ 1− ξi i = 1, . . . , n
ξi ≥ 0, i = 1, . . . , n (3)

where w is the normal vector of the hyperplane, C and b are real numbers, ξi, i = 1, . . . , n are non-negative
slack variables, φ(.) is a kernel function, and weights λi ∈ [0, 1], i = 1, . . . , n are regarded as fuzzy memberships.

The optimisation problem will guarantee to maximise the hyperplane margin while minimising the cost of
error. For an error to occur, the corresponding ξi must exceed unity, so

∑
i ξi is an upperbound on the number

of training errors. Hence an extra cost C
∑

i ξi for errors is added to the function (1) where C is a parameter
chosen by a user. This approach assumes that training data points should not be treated equally to avoid the
problem of sensitivity to noise and outliers. The corresponding dual form is as follows

min
α

(1
2

n∑
i=1

n∑
j=1

αiαjyiyjK(xi, xj)−
n∑

i=1

αi

)
(4)

subject to

0 ≤ αi ≤ λiC, i = 1, . . . , n
n∑

i=1

yiαi = 0, i = 1, . . . , n (5)

The following classification decision function f(x) = sign(wT φ(x) + b) is used. The unknown data point x
belongs to positive class if f(x) = +1 or negative class if f(x) = −1.

We propose a simple yet efficient method to determine fuzzy memberships. The positive and negative data
points are normally overlapped and the task of fuzzy SVM is to construct a hyperplane in feature space to
separate positive data from negative data as much as possible. Hence we assume that the data points in the
overlapping regions are important and they should have the highest fuzzy membership value. Other data points
are less important and should have lower fuzzy membership values. We use fuzzy clustering techniques to deter-
mine clusters in the overlapping regions. These clusters contain both positive and negative data points. Fuzzy
memberships of these data points are set to 1 and fuzzy memberships of other data points are determined
by their closest cluster accordingly. Although clustering is performed in the input space, according to most of
current kernel functions, relative distances between data points are preserved so we can apply the clustering
results obtained in the input space to the feature space. The following algorithm is used to determine fuzzy
memberships for all data points:

Fuzzy Membership Calculation Algorithm

1. Select a clustering algorithm
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2. Perform clustering on the training data set
3. Determine a subset containing clusters that contain both positive and negative data. Denote this subset as

MIXEDCLUS.
4. For each data point x ∈ MIXEDCLUS, set its fuzzy membership to 1
5. For each data point x 6∈ MIXEDCLUS, do the following

– Find nearest cluster to x
– Calculate fuzzy membership of x to this cluster

The term
∑

i λiξi is regarded as a weighted sum of empirical errors to be minimised in fuzzy SVMs. If a
misclassified point xi is not in a mixed cluster, its fuzzy membership λi is small and hence its error ξi can be
large as long as λiξi is still minimised. On the other hand, if it is in a mixed cluster, its fuzzy membership is 1
and hence its error ξi must be small such that λiξi remains minimised. This means that the decision boundary
tends to move to overlapping region to reduce empirical errors in this region.

3 Experimental Results

In order to evaluate our proposed method, we used the well-known data set III provided by Department of
Medical Informatics, Institute of Biomedical Engineering, Graz University of Technology for motor imagery
classification problem in BCI Competition II [13]. Current SVM classifiers have not provided good performance
on this data set. In data collection, a female normal subject was asked to sit in a relaxing chair with armrests
and try to control a feedback bar by means of imagery left or right hand movements. The sequences of left or
right orders are random. The experiment consisted of 7 runs with 40 trials in each run. There were 280 trials
in total and each of them lasted 9 seconds. Collected data were equally divided into two sets for training and
testing. The data were recorded in three EEG channels which were C3, Cz and C4, sampled at 128Hz, and
filtered between 0.5 Hz and 30 Hz. In our experiments, we used the channels C3 and C4 only. We also truncated
the first 3 seconds of each trials and only used the rests for further processing.

From the chosen dataset, we extracted 4 types of features named as AR6, AR5, PSD, and PSDfil. The first
type of feature AR6 consists of coefficients of AR models of order 6 fitting with the data in the channels C3
and C4. After discarding the two first coefficients and then concatenating the remaining coefficients together,
we obtained a 12-dimensional feature vector for each trial. Noted that we have 140 trials in each training set
and test set. The second type of features was similar to the first one except that we used AR models of order 5
instead and hence we obtained a 10-dimensional feature vector for each trial. For the third and the forth type
of features, we calculated power spectral density (PSD) of each channel and concatenated the results together.
We used Welch’s averaged modified periodogram method of spectral estimation in which the Hamming window
size was set to 128. We obtained a 129-dimensional vector for each channel and a 358-dimensional feature vector
for each trial. The difference between these two types of features is that we conducted a band pass filter of
frequency range between 10 Hz and 22 Hz for the later one. The group of AR5 and AR6 represents features
producing low dimensional feature space, whereas the group of PSD and PSDfil represents features producing
high dimensional feature space based on the size of the training set.

The popular RBF kernel function K(x, x′) = e−γ||x−x′||2 was used in our experiments. The parameter γ
was searched in {2k : k = −12,−11. . . . , 4}. The trade-off parameter C was searched over the grid {2k : k =
−2,−1, . . . , 14}. We used 3-fold cross validation test on the training set.

3.1 Experiment 1: Equal membership for feature vectors in the same class

In this experiment, feature vectors in the same class were assigned the same membership. Table 1 shows that
PSD is the best feature for using with standard RBF SVM model and the worst one is AR6.

Table 1. Classification results (in %) on Graz dataset for motor imagery of standard RBF SVM (equal membership).
Values in C and γ columns represent non-negative indices in parameter sequences.

Feature C γ Separate test set Cross validation test

PSD 4 4 67.14 71.43
PSDfil 7 4 66.43 70.00
AR6 15 1 60.71 65.71
AR5 9 9 66.43 67.86

After carefully examining the results of Experiment 1, we found that the confusion matrices after training
are often biased by the first class. This fact leads us to implementation of the second experiment.
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3.2 Experiment 2: Weighted label RBF SVM

In this experiment, we tried to eliminate the bias of the first class by setting a weight to each class. Because the
bias tends to the first class, we set the weight for the first class to be smaller than that for the second class. We
tried with different weight values for the first class, ranging from 0.4 to 1, increased by 0.1 after each iteration.
Table 2 shows the results. PSD is still the best feature for both the training and test data sets. However, the
classification accuracy for AR5 feature is low for the separate test set whereas it is still high for cross validation
test on the training set. The reason might be that the weight of the first class was set to a very low value and
we got a local maximum point for the training set using AR5 feature. It is noted that all types of features have
better classification results than those in Experiment 1 for cross validation test. It shows that weighting label
has some effect on classification accuracy for cross validation test.

Table 2. Classification results (in %) on Graz dataset for motor imagery of weighted label RBF SVM (equal membership).
Values in C, γ and weight columns represent non-negative indices in parameter sequences.

Feature C γ Weight Separate test set Cross validation test

PSD 4 5 4 67.14 75.00
PSDfil 15 0 0 66.43 72.86
AR6 10 4 5 60.00 67.86
AR5 14 4 1 52.86 67.86

3.3 Experiments 3 and 4: Different memberships for all feature vectors

In this experiment, we applied our proposed method for both unweighted and weighted standard RBF SVM. It
means that we applied fuzzy model and used different memberships for all feature vectors. To easily illustrate
the effect of fuzzy model, we grouped results of four experiments for each type of features. Figure 1 shows the
results for the test set and Figure 2 shows results for cross validation test. We can see that our proposed fuzzy
SVM model can improve the accuracy up to 4% for cross validation test. For using the separate test set, an
acceptable improvement is found.

Fig. 1. Classification accuracy results for all experiments on all features. Left: Results for cross validation test. Right:
Results for the separate test set.

Those experimental results on different feature sets show that our proposed fuzzy SVM always performs
better than the standard RBF SVM, especially for cross validation test.

It is also noted that the classification accuracy for the conventional SVM method was only 50.71% as reported
in the BCI Competition II [23]. This result is lower than that for the conventional SVM in this paper because
we have applied a better feature extraction method in our experiments.

4 Conclusion

We have presented a fuzzy approach to support vector machine and applied the approach to motor imagery
classification problem. Experimental results on the Graz data set have shown that the proposed fuzzy support
vector machine could improve the classification accuracy for both cross validation test and separate test set
comparing with the current standard RBF SVM. Moreover, our model is generalised to easily apply not only
to all current SVMs but also to other problems other than BCI classification problems.
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