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Abstract. In this paper we present a system called mind flipper which is an EEG-based brain computer
interface (BCI), enabling a computer to automatically turn a slide forward during an oral presentation by
analyzing brain waves involving imagery or real movements of a subject’s right hand. False positive errors
are critical in this application. To reduce false positive errors, we develop a nonparametric classifier based on
convex hulls. Compared to existing linear binary classifiers, we show that the convex hull-based classifier easily
removes ambiguous regions on a feature space determined by common spatial patterns, which result in false
positive and negative errors. Experiments confirmed the useful behavior of our convex hull-based classifier,
compared to linear or RBF-kernel based SVM.

1 Introduction

Brain computer interface (BCI) is a system that provides a direct communication pathway between brain and exter-
nal devices by analyzing various brain signals. Electroencephalogram (EEG), which records magnitude of electrical
potentials at the scalp of a subject, is the most popular sensory signal for BCI, because of its simplicity, portability
and non-invasive characteristic [1]. Currently, many researchers who are working on EEG-based BCI consider BCI
as a method which provides alternative means of communication or control for the disabled [2]. However, BCI also
has promising potential for various applications in our daily lives. In this perspective, we developed the Mind Flip-
per system, which let the presenter flip pages of the presentation forward by concentrating on imagery or real right
hand movement. The main challenges of building the systems are (1) to react to the presenter’s intention of flipping
pages as fast as possible, (2) to be robust against possible artifacts during the presentation, such as interferences
in electromyogram (EMG) or EEG signal resulted from speaking.

2 Method

2.1 Motor Imagery Paradigm

We used the motor imagery paradigm to recognize of the presenter’s intentions. The motor imagery paradigm is
one of the most promising paradigm [3] which exploits temporal variations in the µ (8∼13Hz) and β (14∼30Hz)
rhythms of the sensorimotor cortex region. Oscillations in µ and β rhythms of the sensorimotor cortex attenuates
when a movement is being prepared or performed, and the phenomenon is called event-related desynchronization
(ERD). Spatial locations where ERD occurs are highly correlated with corresponding body part. For example, if
a subject imagines movements of right hand, ERD occurs at the contralateral (left) side of the motor cortex. In
general, hand movements cause the most evident ERD patterns, so we selected it as the positive class in the EEG
classification task.

To improve robustness of classification, we selected EEG signals recorded during tongue movements as the
negative class. Tongue movements are directly related with speaking, so during the presentation they could act
as the most dominant artifact against the motor imagery commands of flipping pages. Thus in our Mind Flipper
system, the presenter should stop his/her speaking and concentrate on right hand movement to flip a page forward
(Fig. 1).
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Fig. 1: Overview of Mind Flipper system

2.2 Feature Extraction: Common Spatial Patterns

For successful classification, we applied the Common Spatial Pattern(CSP) method, which is a popular discrim-
inative feature extraction method for EEG classification [4, 5]. Given two class-conditional covariance matrices,
the CSP seeks a feature space such that variance for one class is maximized while variance for the other class is
minimized at the same time.

EEG signals of a single trial, can be denoted as Xi ∈ RC×T where C is the number of electrodes (channels) on
the scalp, and T is the number of time points of each trial. For the Mind Flipper system, each trial is belonged to
one of the two classes: right hand movement(R) or tongue movement (T). As the preprocessing step, EEG signals
are band-pass filtered and mean centered.

When IC is the set of indices belongs to a class c ∈ {R, T} , covariance matrices for each class are computed as

Σ(R) =
1
|IR|

∑

i∈IR

XiX
T
i ,Σ(T ) =

1
|IT |

∑

i∈IT

XiX
T
i , (1)

where |IR| and |IT | denotes the number of trials in each class.
The CSP analysis is given by the simultaneous diagonalization of these two covariance matrices with constraints

about sum of eigenvalues, as follows,




W TΣ(R)W = Λ(R)

W TΣ(T )W = Λ(T )

Λ(R) + Λ(T ) = I

, (2)

where Λ(R) and Λ(T ) are diagonal matrices and I is the identity matrix. Let us denote X(R) as a concatenated
matrix of all Xi|i∈IR

and X(T ) as a concatenation of all Xi|i∈IT
. For the eigenvectors wi ( i-th column vectors of

W ) , the corresponding eigenvalues λi(R) and λi(T )(i-th diagonal elements of Λ(R), Λ(T )) are exclusive each other
with constraints of λi(R) + λi(T ) = 1 . Thus the eigenvector wi corresponds to the largest λi(R) also corresponds to
the smallest λi(T ) and vice versa. Note that λi(R) = wT

i X(R)X
T
(R)wi , λi(T ) = wT

i X(T )X
T
(T )wi, and they are the

projected variances of X(R) and X(T ) along the direction of wi. Then we can see that two distributions of X(R)

and X(T ) are maximally dissimilar along the direction of wi. This property is useful for emphasizing differences
between classes.

During the feature extraction step, a low-dimensional feature vector zi corresponding to a trial Xi is computed
as

zi = [wR,wT ]TXiX
T
i [wR,wT ], (3)

when wR is maximizing λR, and wT is maximizing λT .

2.3 Classification

By using the CSP method, we could extract meaningful discriminative spatial filters. These filters are applied to
each trial and corresponding points are represented in the feature space (Fig. 2.a). Then any binary classifier, such
as Support Vector Machine (SVM) can be applied to predict corresponding labels.

However, a system with typical linear classifier may not properly react to the presenter’s intentions. The major
problem is false positive errors, which causes the false operation that pages are flipped even though the presenter
did not want to. On the other hand, false negative errors, which makes the system hard to respond to presenter’s
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intentions of flipping pages, are less critical than false positive errors. In the case of false negative errors, there
are no visible changes on the system so the presenter may ignore errors by simply concentrating flipping command
again, so it caused less discomfort than the case of false positive errors.

A possible solution is to tune the threshold value of a linear classifier so that it may adjust rates of false positive
and negative errors. However, selecting an optimal threshold value is still sophisticated problem.

To avoid this complexity, we used a nonparametric classification approach using two convex hulls corresponding
each class. Numerous studies have attempted to utilize convex hull for classification, such as [6, 7]. In this paper,
the convex hull is applied to reduce false-positive error by taking strict decision boundaries. In the feature space, if
a feature vector is located inside of the convex hull for the class R and located outside of the convex hull for the
class T, we classified it to the class R. In other words, we obtained the region for the class R by subtracting the
convex hull for the class T from the convex hull for the class R (Fig. 2.b). This region could be only reached by
the presenter’s correct concentration for the right hand movement, so that we are simply able to reduce the false
positive errors without heuristic threshold selection.

To obtain the convex hulls, we used the QuickHull algorithm [8] which incrementally expand initial zero-volume
hull to outward direction until the hull includes every given point. By using labeled training feature vectors, the
algorithm finds two convex hulls that including points from each class.
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Fig. 2: Obtained convex hulls and decision boundary. Feature vectors of the class R are represented by crosses (×) and vectors
of the class T are represented by circles (◦). (a) Two convex hulls for each class. (b) The obtained region by subtracting the
hull for the class T from the hull for the class R.

3 Experiments

EEG signals used in this research were recorded with Biosemi ActiveTwo R© system. We used 8 channels placed
around the primary motor cortex: T7, C3, Cp1, P3, P4, Cp2, C4, T8, then Cz was used as the reference electrode.
The EEG signals were band pass-filtered between 8Hz and 20Hz, which includes the µ rhythm and part of the β
rhythm. We have examples of EEG signals (Fig. 3) for the imagination of right hand movements and EMG signals
for clenching.

During the training procedure, we collected 10 trials of EEG signal per class. Each trial contains signals recorded
from 2 seconds to 6 seconds after a cue was shown to the subject. These trials were rearranged by using overlapping
sliding windows. The length of the window was 1 second long and sliding time was 500 milliseconds. Then we applied
the CSP analysis to those trials and calculated two convex hulls for each class in the feature space.

During the testing procedure, each trial was recorded and preprocessed by the same process with the trials in
the training procedure. Using the classifier obtained during the training procedure, if a trial is classified as the class
R, the software sends a window message corresponding to pressing predefined keyboard such as page down, to the
selected presentation program such as Microsoft PowerPoint R©, Adobe Reader R© or other kinds of presentation
softwares.

To validate and evaluate performance of our convex hull classifier, we performed off-line experiment and real-time
experiment.

3.1 Off-Line Experiments

In off-line experiments, the subject was requested to perform following tasks : 1) speak alphabet “A” to “N”, 2)
imagine a right hand movements for 4 seconds, 3) speak “O” to “Z”, 4) imagine a right hand again. The first and
the third tasks are corresponding to class T and the second and the fourth tasks are corresponding to class R for
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(a) EEG for right hand movement
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(b) EMG for clenching
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Fig. 3: Sample EEG signals for right hand movements are represented in (a). EMG signals for clenching (artifact) and its
corresponding feature vectors is presented in (b) and (c). During the clenching the feature vector is diverged to outward
direction, because of EMG signal’s higher variances.
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Fig. 4: Feature space obtained by the CSP analysis is plotted in (a) and erroneous regions, which results false positive and
negative errors are plotted in (b). On (c)-(g), decision boundaries of various classification methods are represented by colored
regions: (c) linear SVM, (d) adjusted linear SVM, (e) RBF kernel-based SVM, (f) adjusted RBF kernel-based SVM, and (g)
convex hull-based classifier.

flipping pages. Above 4 tasks were repeated 3 times during the experiment. We applied the CSP analysis to the
recorded EEG signals and obtained the feature space (Fig. 4.a).

In our first attempt, we used linear SVM and RBF kernel-based SVM as the classification method (Fig. 4.c, 4.e),
but they showed poor performances. The major problem during the analysis was frequently occurred unintended
page flipping. To reduce this false positive errors, we should shrink the decision region for the right hand movements.
At first, the overlapping region with tongue movements, where mainly causes false positive errors, should be rejected
(Fig. 4.b). Furthermore, when the subject had spoken specific characters such as “C” or “G”, EMG signals resulted
from clenching interfered with EEG signals (Fig. 3.b). The EMG signals caused increasing of variances and let the
feature vectors to diverge toward the outward region (Fig. 3.c) that also should be rejected (Fig. 4.b).

To ignore both of overlapping and outward regions while using SVMs, we adjusted the decision threshold on
the prediction function values. These optimal values are selected by repetitive comparisons and decision boundaries
of Fig. 4.c, 4.e are reduced to Fig 4.d, 4.f. Those adjusted decision boundaries actually reduced unintended page
flipping, compared to the original classifiers (Fig. 5.c∼5.f). However, our convex hull based method showed better
results than the RBF-kernel SVM method without the heuristic threshold adjustment (Fig. 5.g).

3.2 Real-Time Experiments

By using above approaches, we tested the Mind Flipper system in real time environment. In this experiment, the
subject was asked to do 8 pages of short presentation (with 7 times of page turnings) using the Mind Flipper system.
The demo movie for the real-time experiment can be watched at http://mlg.postech.ac.kr/research/bci.html.
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Fig. 5: (a) User’s action during the experiment. Each alphabet means that the subject actually pronounced the corresponding
character and ’/’ means that the subject stop to speak and imagine the right hand movements. (b) Time period that the
subject wants to flip a page is plotted with 1, otherwise 0. (c)-(g) Each classifier’s prediction result for user’s intention in (b)
and the numbers of misclassified time segments with a length of 1 second were also represented to compare the performances.
The total number of segments was 125.

During the experiment, if a page is once turned, the system ignores following 5 seconds of signal. This rule
prevented the system to flip too many pages at once during the transition period between tongue movements and
hand movements.

The performance was measured by two factors - the number of unintended page flips and the average response
time. The response time was calculated by the length of time between the end of a page’s presentation and the
actual page flipping. Note that the number of unintended page turnings corresponds to the number of false positive
errors and the average length of response time is proportional to the number of false negative errors.

We conducted 4 sessions of the experiment. Each session includes one training procedure and two testing pro-
cedures using RBF kernel-based SVM and our convex hull-based classifier (Table 1).

Convex hull based classification method showed the same number of unintended page flips with the RBF ker-
nel based SVM method. This result shows that convex hull-based classifier works well even without the heuristic
threshold adjustment step. The average response time for the convex hull-based classifier on session 2 was problem-
atically long and the reason was a few misplaced feature vectors of tongue movements. They were positioned on
deep inside the region for hand movements. They drastically reduced the region for hand movement and made a
flipping pages very hard. This vulnerability resulted from misplaced feature vectors was the major drawback of the
method. Generally, these points drastically change the volume of the obtained hull and this characteristic could be
used for extracting the points, but that is out of the scope of this paper.

4 Conclusions

We have developed a novel BCI application that can bypass speaking-related artifacts during motor imagery tasks
with convex hull-based classifier. This nonparametric approach was applied for obtaining the decision region that
recognizing hand movements against artifacts resulted from speaking - of EEG signal resulted by tongue movements
and EMG resulted by clenching. In EEG-based BCI applications, the correlation between tasks and signals are
relatively weaker than that of other bio-signals, the overlapping for each class is critical to make decisions. Our

Table 1: Results for real-time experiments. The numbers of unintended page flips are presented, then the average response
times for page flips are presented within parentheses.

Session 1 Session 2 Session 3 Session 4

RBF SVM 0(4.33s) 0(2.14s) 1(2.67s) 2(5.60s)
Convex hull 1(4.33s) 0(10.01s) 1(4.00s) 1(3.67s)
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convex hull-based method easily rejects those overlapping regions, so that it improves robustness of BCI applications.
Although this work only applied it on the presentation in the real environment, we sure that the idea could be also
beneficial for other BCI applications in the real environment, too.

Acknowledgments: This work was supported by National Research Foundation (NRF) of Korea (No. 2010-0018828
and 2010-0018829) and WCU Program (Project No. R31-2008-000-10100-0).

References

1. Wolpaw, J.R., Birbaumer, N., McFarland, D.J., Pfurtscheller, G., Vaughan, T.M.: Brain-computer interfaces for commu-
nication and control. Clinical Neurophysiology 113 (2002) 767–791

2. Wolpaw, J.R., McFarland, D.J., Vaughan, T.M.: Brain-computer interface research at the wadsworth center. IEEE
Transactions on Neural Systems and Rehabilitation Engineering 8 (2000) 222–226

3. Wolpaw, J.R., McFarland, D.: Control of a two-dimensional movement signal by a noninvasive brain-computer interface
in humans. Proceedings of the National Academy of Sciences, USA 101(51) (2004) 17849–17854

4. Koles, Z.J.: The quantitative extraction and topographic mapping of the abnormal components. EEG and Clinical
Neurophysilology 79 (1991) 440–447

5. Blankertz, B., Tomioka, R., Lemm, S., Kawanabe, M., Müller, K.R.: Optimizing spatial filters for robust EEG single-trial
analysis. IEEE Signal Processing Magazine (January 2008) 41–56

6. Kudo, M., Nakamura, A., Takigawa, I.: Classification by reflective convex hull. In: Proceedings of the International
Conference on Pattern Recognition (ICPR), Tampa, Florida (2008) 1–4

7. Zhou, X., Shi, Y.: Nearest neighbor convex hull classification method for face recognition. In: International Conference
on Computational Science (ICCS), Baton Rouge, LA (2009) 570–755

8. Barber, C.B., Dobkin, D., Huhdanpaa, H.: The quickhull algorithm for convex hull. ACM Transactions on Mathmatical
Software 22(4) (1996) 469–483

6

Volume 11, No. 2 Australian Journal of Intelligent Information Processing Systems




