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Abstract
A brain-computer interface (BCI) is a device that enables direct communication between humans and
computers by analyzing neural signals and transforming them into digital signals. A new braincomputer interface system based on the gaze on rotating vane-dependent EEG signal is presented.
Classification of EEG signals is done in three sessions: 1-when vane rotates fast and slow in an anticlockwise manner, 2-when vane rotates slow in a clockwise and rotates fast in an anti-clockwise manner,
3-when vane rotates slow in a clockwise and rotates slow in an anti-clockwise manner. The features are
extracted from the 1-sec epoch of the EEG using Fast Fourier Transform (FFT). We use k-nearest
neighbor (k_NN) algorithm to classify these features. The proposed method is also applied to 2-sec, 3sec, and 4-sec epochs. All the signals are obtained at department of electrical and electronics
engineering, Karadeniz Technical University, from 8 healthy human subjects in age groups between 20
and 32 years old. The proposed algorithm is efficient in the classification phase, with the obtained
accuracy of 56-94% for eight subjects in 1-sec epochs. The results show that the proposed BCI system is
very fast and accurate.
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Introduction
A brain-computer interface (BCI) obtains a straight connection
pathway between the brain of a physically disabled patient and
an external device or computer. The first aim of BCI research
is to create a non-muscular way for physically disabled patients
to communicate with and control an external device such as a
spelling system for speech or writing a letter. In the past few
decades, BCI systems have been rapidly developed, because
they may be the only possible way of communication for
people who are unable to communicate via conventional means
because of severe motor disabilities. Electroencephalography
(EEG) signals in the field of biomedical engineering are often
used in BCI systems.
Although BCI development is a very young research area, in
the literature, many methods based on BCI have been
proposed. In a recent study, researchers used EEG to control an
electronic device [1]. This paper presented the classification of
a three-class mental task-based brain–computer interface (BCI)
that used the Hilbert–Huang transform for the feature extractor
and fuzzy particle swarm optimization by cross-mutated-based
artificial neural network for the classifier. These three relevant
mental tasks for wheelchair control were letter composing,
arithmetic, and Rubik's cube rolling forward that meant left,
right, and forward commands to wheelchair, respectively. The
monitoring of eye movement could help patients communicate
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with their environment and control devices. A number of
techniques have been used to discern eye movements [2-4]. In
a recent research, Abdelkader et al. proposed a simple
algorithm for the offline recognition of four directions of eye
movement from electroencephalographic signals [5]. A
strategy without a prior model was used to distinguish the four
cardinal directions and a single trial was used to make a
decision. The proposed algorithm in this paper was efficient in
the classification phase with the obtained accuracy of 50-85%
for twenty subjects. Oddball paradigms were used in BCI to
generate event-related potentials (ERPs), like the P300 wave,
on the targets selected by the user. A P300 speller was based
on this principle, in which the detection of P300 waves allowed
the user to write characters. A new method for the detection of
P300 waves was presented by Hubert et al. [6], which was
based on a convolutional neural network (CNN). The topology
of the method was adapted to the detection of P300 waves in
the time domain. Bin He et al. developed a sensorimotor
rhythm EEG-based BCI and aimed to improve BCI systems by
inversely mapping scalp-recorded EEG signals to the cortical
source
domain,
integrate
BCI
with
noninvasive
neuromodulation strategies to improve learning, and
incorporate mind-body awareness training to enhance BCI
learning and performance [7]. Given these issues, the end goal
had still not reached by these algorithms. There is much work
to be done to produce real-world-worthy systems that can be
comfortably, conveniently, and reliably used by individuals. On
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the other side, many of these methods are computationally
complex and the classification accuracy measured using EEG
is only between 50% and 80%.
In this paper, a new fast and simple brain-computer interface
system based on the gaze on rotating vane-dependent EEG
signals was presented. Speed and simplicity in BCI systems are
very important factors. This study is a beginning step to design
and implement a new, fast, simple, and accurate BCI system.
The proposed method can be used for a biomedical engineering
application to control an electronic device, like an electronic
wheelchair, a robotic arm, etc. Clinically, physicians could
become aware of the subject's state using this method.
The organization of this paper is as follows: after the
introduction section, the experimental setup is provided. Then,
feature extraction and classification are described, respectively.
In the fifth section, the results are provided. The conclusion
and discussions are given in the sixth section.

Experimental Setup
EEG signals were obtained from 8 healthy human subjects (5
males and 3 females) in the age groups between 25 and 32
years old at Department of Electrical and Electronics
Engineering, Karadeniz Technical University. Figure 1 shows
the experiment framework and tools. All the subjects reported
normal or corrected-to-normal vision. Before beginning to
record, the subjects were asked to calm down and relax in a
chair for 5 min. The chair was placed 1 m in front of the
monitor, as shown in Figure 1. Using Matlab 2014a, a red
rotating vane in a black screen was designed. In the center of
the screen, the letter of ‘A’ was written in white. The vane
rotated on the letter of ‘A’. Speed and direction of the rotation
could be controlled. Two rotation speeds were defined: one
rotation per 5 sec (called slow rotating) and one rotation per 1
sec (called fast rotating). Screenshot of the rotating vane is
shown in Figure 2.

Figure 2: Rotating vane designed by Matlab 2014a

In this study, the EEG signals were acquired by Brain Quick
EEG System (Micromed, Italy). The EEG signals were
sampled at 512 Hz and filtered between 0.1 and 120 Hz. To
eliminate line noise, a 50 Hz notch filter was used. The
electrodes were used on the scalp in different locations based
on the international 10-20 system. Twelve EEG electrodes
from all lobes of the brain were located according to this
system as shown in Figure 3 and referenced to the electrode
Cz. These electrodes included Fp1, Fp2, F7, F3, F4, C3, C4,
T3, T4, P3, P4, and O1. EEG recording was in three sessions.
In the first session, each subject gazed at the clockwise rotating
vane at slow speed for 4 min. There was a 2-min gap for
relaxation. Afterwards, the subject was asked to gaze the anticlockwise rotating vane at fast speed for 4 min and, after 2 min
of relaxation, in the third session, the subject gazed at the anticlockwise rotating vane at slow speed for 4 min. To
synchronize, the subject received a beep sound and, at the same
time, the vane began to rotate. In these three sessions, the
generated signals (separately for each channel) were divided
into 1 sec epochs. In this way, 240*3 epochs (240 epochs for
each speed) were generated per subject. Epochs of each session
were divided into two groups. The first group was called
training set (which contained 120 epochs) and the second
group was called testing set (which contained 120 epochs).
Also, the proposed method was tested on 2-sec, 3-sec, and 4sec epochs. Collection of the data set is described in Table 1.

Feature Extraction
Fast fourier transform (FFT)
The Fourier transform is a method to convert time domain
signals into frequency domain that is defined as Equation 1.
Discrete Fourier Transform (DFT) converts discrete-time
sequences into discrete-frequency versions, which is derived
by Equation 2. DFT of discrete-time signals and is widely used
for spectrum analysis.

Figure 1: Experimental framework and tools for EEG recordings
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Table 1: Selection description of the data set for one subject in a channel.
1-seconds epochs

720 epochs in total

240 epochs for session 1, 240 epochs 120 epochs for training set in each
for session 2, 240 epochs for session 3
session
120 epochs for test set in each session

2-seconds epochs

360 epochs in total

120 epochs for session 1, 120 epochs 60 epochs for training set in each
for session 2, 120 epochs for session 3
session
60 epochs for test set in each session

3-seconds epochs

240 epochs in total

80 epochs for session 1,
80 epochs for session 2,
80 epochs for session 3,

4-seconds epochs

180 epochs in total

60 epochs for session 1,
60 epochs for session 2,
60 epochs for session 3,

X(f)=F{x(t)}=-͚ ʃx(t)e-j2 πftdt (1)
Xk=Σxie-j2 πft (2)
for k=0,1,…, n-1
where in Equation 1, x(t) is the time domain signal and X(f) is
its Fourier Transform; in Equation 2, x is the input sequence, X
is its DFT, and n is the number of samples [8]. The FFT is an
optimized implementation of a DFT, because DFT is
computationally very intensive in theory [9].
In this study, the generated epochs were used for extracting
features. As is known, there are 5 frequency rhythms in EEG
signals: delta-band (0-4 Hz with 75 micro volt _Amplitude),
theta-band (4-7 Hz with 50_75 micro volt _Amplitude), alphaband (8-12 Hz with 20_60 micro volt _ Amplitude), beta-band
(13-49 Hz with 2_20 micro volt_ Amplitude), and gammaband (30-49 Hz with 20_60 micro volt _ Amplitude) [10].
These bands were extracted by fast Fourier transform (FFT)
method. In this paper, we used fft( ) function in Matlab for the
detection of EEG signal bands. Mean of absolute power of FFT
in each epoch was used as features. In this way, for each epoch
in one channel, 5 features were extracted and, as mentioned, 12
channels were used. So, 60 (12*5) features were prepared for
each epoch.

Classification procedure
An algorithm that has to be trained with labelled training
samples to be able to distinguish new unlabelled samples
between a fixed set of classes is called a classifier. In this
study, k-NN algorithm was used to classify the extracted
features from EEG signals. A summary of this algorithm is
given below:
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40 epochs for training set in each
session
40 epochs for test set in each session
30 epochs for training set in each
session
30 epochs for test set in each session

k-NN Algorithm
k-NN is one of the easiest algorithms for implementation
among the existing classification algorithms. First, in this
algorithm, the number of the nearest neighbour to the unknown
sample must be determined. Euclidean distance method is
commonly used to calculate the nearest neighbours to the
sample. Then, the label that is maximum between these
neighbours is diagnosed and the unknown sample is labelled
with its maximum label. In binary classification problems, it is
beneficial to use odd numbers for k, because they do not cause
any problems for researchers while deciding upon a label [10].
In this study, to determine optimum k value, K-fold cross
validation (K-FCV) technique was used. Minimum number of
epochs in the training set for each speed was 40 (for 4-sec
epochs); so, the optimum k value was searched in the interval
between 1 and 39 with the step size of 2.

Results
In this paper, we classified the pairwise of three sessions (as
mentioned above). For each subject, we separately trained kNN classifier. To verify the results, classification was repeated
10 times in each data set with different distributions of training
and testing sets. The classification result (CR) was defined as
the percentage of the number of epochs classified correctly
over the size of the testing set. Mean of the classification
results and standard deviations for 1-sec, 2-sec, 3-sec, and 4sec epochs, when vane rotated fast and when it rotated slow in
clockwise way, are provided as Table 2. Table 3 shows the
classification results when vane rotated fast and slow in anticlockwise way. Finally, the result of classification, when vane
rotated slow in clockwise and slow in anti-clockwise ways, are
presented in Table 4.
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Table 2: Results of classification when vane rotates fast and when it rotates slow in anti-clockwise manner
Subject/Time

1s

2s

3s

4s

Subject 1

0.8167 ± 0.0224

0.8283 ± 0.0298

0.8500 ± 0.0198

0.8667 ± 0.0391

Subject 2

0.6275 ± 0.0199

0.6217 ± 0.0402

0.5850 ± 0.0354

0.6100 ± 0.0693

Subject 3

0.9125 ± 0.0174

0.9450 ± 0.0292

0.9650 ± 0.0056

0.9767 ± 0.0190

Subject 4

0.7842 ± 0.0170

0.8583 ± 0.0264

0.8600 ± 0.0224

0.8900 ± 0.0346

Subject 5

0.6142 ± 0.0304

0.7067 ± 0.0253

0.7025 ± 0.0463

0.7167 ± 0.0118

Subject 6

0.9100 ± 0.0120

0.9150 ± 0.0181

0.9220 ± 0.0224

0.8700 ± 0.0321

Subject 7

0.5658 ± 0.0260

0.6083 ± 0.0408

0.5925 ± 0.0823

0.6167 ± 0.0425

Subject 8

0.8090 0.0223

0.8083 ± 0.0468

0.8400 ± 0.0369

0.8800 ± 0.0346

Table 3: Results of classification when vane rotates slow in clockwise and fast in anti-clockwise manners
Subject/Time

1s

2s

3s

4s

Subject 1

0.7617 ± 0.0427

0.7767 ± 0.0260

0.7800 ± 0.0405

0.7300 ± 0.0447

Subject 2

0.6175 ± 0.0245

0.6233 ± 0.0199

0.6200 ± 0.0549

0.5933 ± 0.0303

Subject 3

0.8642 ± 0.0163

0.9217 ± 0.0292

0.9025 ± 0.0463

0.9067 ± 0.0480

Subject 4

0.8642 ± 0.0168

0.8883 ± 0.0330

0.8875 ± 0.0306

0.8833 ± 0.0217

Subject 5

0.6525 ± 0.0183

0.7000 ± 0.0347

0.7200 ± 0.0505

0.7567 ± 0.0264

Subject 6

0.8875 ± 0.0138

0.9000 ± 0.0295

0.9075 ± 0.0391

0.9300 ± 0.0624

Subject 7

0.6125 ± 0.0301

0.6917 ± 0.0192

0.6750 ± 0.0395

0.6100 ± 0.0955

Subject 8

0.6583 ± 0.0294

0.7317 ± 0.0375

0.7800 ± 0.0143

0.7500 ± 0.0570

Table 4: Results of classification when vane rotates slow in clockwise and slow in anti-clockwise manners
Subject/Time

1s

2s

3s

4s

Subject 1

0.8467 ± 0.0137

0.8583 ± 0.0212

0.8275 ± 0.0445

0.8433 ± 0.0693

Subject 2

0.5908 ± 0.0291

0.5950 ± 0.0137

0.6225 ± 0.0418

0.6100 ± 0.0681

Subject 3

0.6442 ± 0.0176

0.6300 ± 0.0772

0.6750 ± 0.0643

0.6833 ± 0.0828

Subject 4

0.9408 ± 0.0054

0.9417 ± 0.0126

0.9450 ± 0.0190

0.9567 ± 0.0091

Subject 5

0.8067 ± 0.0240

0.8367 ± 0.0492

0.8375 ± 0.0360

0.9067 ± 0.0091

Subject 6

0.7583 ± 0.0202

0.7833 ± 0.0462

0.8375 ± 0.0381

0.7267 ± 0.0582

Subject 7

0.6642 ± 0.0371

0.6917 ± 0.0386

0.6950 ± 0.0688

0.7333 ± 0.0217

Subject 8

0.7867 ± 0.0322

0.8017 ± 0.0109

0.8575 ± 0.0271

0.8433 ± 0.0274

Conclusion and Discussion
BCI is a kind of communication system that enables the control
of devices or communication with others only through the
brain's signal activities without using motor activities. This
paper presented a novel approach for brain-computer interface
systems. A simple algorithm was developed for the offline
identification of rotating vane from EEG signals without any
training phase. The results of this paper showed that EEG
signals in during gaze on the vane with different speeds and
directions have significant information. The proposed
algorithm was promising for real-time applications.
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In the future, we would like to design a suitable BCI system
based on rotating vanes. Reduction channels to make the user
more comfortable and using different methods for feature
extraction and classification will be pursued in our future
works. The goal is non-invasive, asynchronous, fast, and
simple BCI system based on EEG, because a BCI system with
these properties is very suitable for practical machine control,
inexpensive, and potentially portable. We hope the proposed
algorithm could be used for the real-time control of an
electronic device, a wheelchair, or a robotic arm.
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