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Abstract. This paper describes a new EEG pattern recognition method-
ology in Brain Computer Interface (BCI) field. The EEG signal is ana-
lyzed in real time looking for detection of “intents of movement”. The
signal is processed at specific segments in order to classify mental tasks
then a message is formulated and sent to a mobile device to execute
a command. The signal analysis is carried out through eight frequency
bands within the range of 0 to 32 Hz. A feature vector is conformed us-
ing histograms of gradients according to 4 orientations, subsequently the
features feed a Gaussian classifier. Our methodology was tested using
BCI Competition IV data sets I. For “intents of movements” we detect
up to 95% with 0.2 associated noise, with mental task differentiation
around 99%. This methodology has been tested building a prototype us-
ing an Android based mobile telephone and data gathered with an EPOC
Emotive headset, showing very promising results.

Keywords: EEG Pattern Recognition, Self-Paced Control, BCI appli-
cation, Mental Tasks Differentiation.

1 Introduction

A Brain Computer Interface (BCI) is a system that enables communication be-
tween brain and computer. For the last two decades, there have been a great
interest using Electro-Encephalographic (EEG) signals on applications in order
to help people with motor disabilities, such as amyotrophic lateral sclerosis [1]
or spinal cord injury [2]. There are works implementing EEG signal processing,
such as Tanaka et al. [3], which used left and right thinking to control the direc-
tion of an electric wheel chair; and Müller et al. [2] which used motor imagery
movements to control prosthesis for the upper extremities. Recently, control ap-
plications have been developed for other purposes, for example: differentiation
of six limb movements was used to control the Khepera robot [4]; exploration,
communication or monitoring space applications were improved with BCI tech-
nologies [5]; a BCI integrated to computer vision system was used to prioritize
the interests of a person in different images [6]; and the differentiation of right
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and left imagery movements were used to control a video-game [7]. Our vision
consists of people using thoughts to control mobiles in their daily lives. A lot
of issues need to be solved, mainly concerning the usability of the EEG signal
acquisition devices, but also with the effective differentiation of the mental task
on real time, the efficient processing of the EEG signal over portable computers
and of course wireless communications.

Synchronous or asynchronous approaches have been used to process the EEG
signals. Synchronous is useful only for offline characterization and analysis of
the signal; for online control, an asynchronous approach is needed. Plenty of
work has to do with the fact of enabling self-paced control, the work of Borisoff
et al. [8] was developed for enabling a switch to be activated with a move-
ment of a finger, achieving a detection of 80%; and Faradji et al. [9] processed
data from five mental tasks in a self-paced fashion with 70% of detection, but
in some cases without noise. Feature extraction is a very important stage, the
more properly built the features, the more efficient results we got from the clas-
sifier, even if it is a simple one. Feature vectors have been conformed on a
great variety of forms, from the work of Keirn et al. [10] which used left-right
asymmetric ratio and spectral density with 90% of classification results with
a Quadratic Bayesian classifier; adaptive autoregressive parameters and event
related synchronization/desynchronization of the μ and β rhythms where used
by Pfurtscheller et al. [1], [11], [2]; Zhang et. al used power spectral entropy
[12] achieving 90% of classification with a time-variable linear classifier; wavelet
transform was used by Qin et al. [13] and Bostanov [14], the latter used a linear
discriminant analysis to got 84% of classification, and Sun used energy difference
with a support vector machine achieving 90% [15].

In the present work an EEG pattern recognition methodology and a prototype
of one application in a real time control system of a mobile device are presented.
The major functional blocks are shown in Fig.1. As the ongoing EEG signal is
received, it must be continuously analyzed, we can not know in advance at what
time the user is going to perform a mental task with the intention of executing
a command, so we need to detect that precise time. In order to classify a mental
task and correlates it to a command, the signal is processed in a window around
the time detected in the previous stage. A feature vector is built over this window
and then it is fed to a statistical parametric classifier (in our case a Gaussian
classifier is used). The rest of the paper is organized as follows: In Section 2
our EEG pattern recognition methodology proposal is detailed; the evaluation
data are shown in Section 3; experimental results and prototype are explained
in Section 4; and finally conclusions and further work are presented in Section 5.

Fig. 1. Major functional blocks of the real time control system
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2 EEG Pattern Recognition Methodology Proposal

2.1 Time-Frequency Pre-processing

The whole input EEG signal is conformed by N−separated signal, where N
represents the number of available channels. The signal is processed over one-
second windows. Lets call Sk the signal for any k−window (1), M represents the
number of samples per second.

Sk =

⎛
⎜⎜⎜⎜⎜⎜⎝

sk1,1 . . . sk1,j . . . sk1,M
...

...
...

ski,1 . . . ski,j . . . ski,M
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N,j . . . s

k
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⎞
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. (1)

Since the EEG signal is highly non-stationary, the shift between one window
and the next consists of only one sample. A new window is conformed for each
sample after the first second of the signal elapsed. The mean of the signal for each

channel Sk
i is subtracted from every Sk

i row to eliminate the offset and produce

S̃k
i . The spectral power P

k
i for each channel is calculated using the short-Fourier

transform (F ) with a Hanning window using (2) and subsequently the result is
multiplied by its complex conjugate (3).

F{S̃k
i } =

∞∑
n=−∞

S̃k
i WHanning [n]eee

−jωn . (2)

P k
i = F{S̃k

i } · F ∗{S̃k
i } . (3)

Low frequencies, between 0 and 32 Hz, associated to delta (δ), theta (θ), alpha
(α) and beta (β) rhythms are the most important part of the spectral power
P k
i . Eight bands of frequency are conformed from P k

i as follows: (0 − 4], (4 −
8], (8− 12], (12− 16], (16− 20], (20− 24], (24− 28], (28− 32]. A single value P k

ij

associated to each frequency band is calculated using (4), i = 1, ..., N denotes
the channel, j = 1, ..., 8 denotes the band of frequency, and pki,m the m−value of

P k
i , for m = 1, ..., 32.

P k
i,j =

1

4

m=4(j−1)+4∑
m=4(j−1)+1

pki,m , m = 1, ...32 j = 1, ...8 . (4)

As a result, each k−window produces eight values per channel. The k discrete
variable can easily be associated to a specific instant of time, lets say the mid-
dle of the k−windows. Figure 2 shows the plots of the power values for each
frequency band against time.
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Fig. 2. Spectral power plots for the eight frequency bands

2.2 Detection of Intent of Movement

The “intent of movement” detection is important because it allows the signal
to be processed, for differentiation purposes, at specific periods of time. When
the subject imagines himself performing a movement, some frequency bands are
blocked, others are enhanced and some others are synchronized with the signal
from the electrode on the opposite side of the brain. An up-flag is turned on if
the value of any frequency band is higher than an upper threshold, a down-flag
indicates if the value is lower than a bottom threshold and a sync-flag indicates
that the difference between two channels is lower than a synchronization thresh-
old. For purposes of robustness, a 36 − sample stabilization window is defined.
An event happens, if some of the flags are turned on during the stabilization win-
dow. Using this mechanism, a lot of noise associated with short-in-time jumps of
the signal are eliminated. Even more, if only certain percentage of the stabiliza-
tion window is required, not 100%, real mental tasks are not discarded if they
do not fully reach the threshold during the complete stabilization window. As a
result, each i−channel will have blocking bebebe

k
i , enhancing eeeeee

k
i and synchronizing

events sesese
k
i , associated to each frequency band as shown in (5).
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k
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If we are looking for an enhancing event, the upper threshold is relevant while the
bottom threshold does not matter, it is set to zero this way is never reached. If we
are looking for a blocking event, the bottom threshold is relevant while the upper
does not matter and hence it set to infinite (or high enough) to be unreachable.
Lets say that zero or infinite thresholds are simply not-relevant thresholds. Each
person has characteristic numbers of blocking events N−, enhancing events N+

and synchronizing events N˜whereas performs a “mental task”. An “intent of
movement” is detected if these characteristic numbers (N−, N+, N˜)are reached
at a specific instant of time.

The length of the interval of time where a mental task are assumed to be
performed, varies according to the acquisition protocol between 2 and 8 secs. We
presume that a motor-imaginary mental task takes only 0.3 secs, hence periods
in the signal where the “mental task” is performed are really conformed with
two classes of samples, one corresponding to the true mental task realization
and other corresponding to relax-time. Thresholds for an specific data set are
estimated through an statistical analysis of the signal over mental task realization
periods, in comparison with relax-periods.

2.3 Feature Vector Construction and Classification

A feature vector is conformed from the spectral power values within a region
around P k

i,j , lets call P k,r
i,j the r−value in the region. Each r value of spectral

power is normalized to obtain P̃ k,r
i,j , first the minimum value in the segment is

subtracted and subsequently it is divided by the difference between the maximum

and the minimum. A gradient vector∇ P̃ k,r
i,j is estimated using an spectral power

difference at every inner point in the segment of the signal (6).

∇ P̃ k,r
i,j =

(
˜

P k,r+1
i,j − ˜

P k,r−1
i,j , tr+1 − tr−1

)
. (6)

Notice that the second element of the vector is constant. Instead of that value,
the mean of the spectral power differences is used, it allows to enhance differenti-
ation of the angles. A 4−bin histograms with the gradients are built, vectors for
every point are grouped according to their angles as follows: bin 1 = [45◦, 90◦),
bin 2 = [0◦, 45◦), bin 3 = [−45◦, 0◦) and bin 4 = (−90◦, −45◦), subse-
quently they are counted to conform the histogram. For robustness, the count
is weighted with the magnitude of the gradient (7). As a result, a 4−bin his-
togram for each channel and each band associated to the “intent of movement”
is obtained.

H(bin i) =
∑
r

|∇ P̃r| , for r such that ∠∇P̃r ∈ bin i . (7)

The featured vector fed to the classifier
−→
F is integrated with a selection of the

histograms for certain bands of frequency and channels. In the present work,
the feature vector was conformed on a 32−sample segment, using 2nd and 6th
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frequency bands and adding the mode and mean values for robustness, the final
dimension of the vector is 48. For classification we use a Gaussian classifier (8),
we believe that a simple classifier is efficient when the input feature vector is
built properly.

p(
−→
F /ci) =

1

(2π)(
n
2 )|Σi|( 1

2 )
exp

[
−1

2
(
−→
F −−→μi)

TΣ−1
i (

−→
F −−→μi)

]
. (8)

3 Evaluation Data

The proposed strategy for the EEG pattern recognition was tested with two
different input data. First, BCI Competition IV data sets I, provided by the
Berlin Group [16]. Those data were selected because they have an asynchronous
approach, suitable for our objective. In addition, data gathered in our laboratory
using the EPOC headset from Emotiv Systems 1 were used too.

3.1 BCI Competition IV Data Sets I

EEG data from 59 channels, recorded at a rate of 100 samples per second,
from healthy people whereas performing one motor imagery task. The classes
of mental task to perform are: (i) imaginary movement of the left hand, (ii)
imaginary movement of the right hand and (iii) imaginary movement of any
foot. Calibration data were recorded as follows: an arrow was displayed on a
computer screen indicating the class of the motor imagery task to perform,
the arrow was presented for period of 4 seconds, during which the subject was
supposed to imagine the performance of the movement. Periods were interleaved
with 2 seconds of blank screen and 2 seconds with a cross in the center of the
screen, the cross superimposed to the cue, so it was displayed during 6 seconds.

3.2 Data Gathered at Our Laboratory

EEG-data were recorded from the 14 available channels using an EPOC headset
from Emotiv System, at a rate of 128 samples per second. Our objective was to
gather data with variable time between each mental task realization to simulate
self-paced control. We worked with six healthy people, between 20 and 30 years
old, each person was asked to select two mental tasks from the following ones:
(i) imaginary movement to the right of right hand, (ii) imaginary movement
to the left of the left hand, (iii) imaginary movement over the head of both
hands and (iv) imaginary movement of the head. In order to get 200 mental task
records from each person, five recordings with 40 mental task were performed.
A white circle was presented in the middle of a computer screen, it was moved
during 2 seconds to indicate the kind of mental task to be performed. The time
between each mental task varied between 6 and 10 seconds. Further explanation
are available at our Web Page by request. 2

1 Emotiv System, http://emotiv.com/
2 uamaML datasetI, http://www.eegspiga.com
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Table 1. Detection of “intents of movement” and classification for BCI Competition
IV dataset I

Data set Detection rate Noise Classification rate

BCICIV calib ds1b 98% 0.18 99%
BCICIV calib ds1c 96% 0.23 97%
BCICIV calib ds1d 92% 0.19 92%
BCICIV calib ds1e 97% 0.21 97%
BCICIV calib ds1g 92% 0.18 98%
uamaML datasetIb 76% 0.5 81%

4 Experimental Results and Discussion

Electrodes located over the sensorimotor cortex were taken, according to the
10−10 electrode configuration system. For the BCI Competition IV data, signals
in 27th and 31st channels, corresponding to C3 and C4 electrode positions were
used in the present work. Similarly, for our own data, signal from 6th and 13th

channels, corresponding to FC5 and FC6 electrode positions were used. To
evaluate the “intent of movement” detection, a detection rate and an associated
noise are calculated from (9) and (10), where TP stands for True Positives, FP
for False Positives and FN for False Negatives.

Detection Rate =
TP

(TP + FN)
. (9)

Noise = 1− TP

(TP + FP )
. (10)

The proposed strategy detects up to the 98% of the imagery movements for the
five evaluated dataset from the BCI Competition IV data. The noise associated
to the false positives is around 0.2 as shown in Tab. 1. The work of Zhang et al.
[17] used the same data for self-paced EEG-based motor imagery detection. As
a results [17] shown a mean-squared-error of class label prediction for dataset
ds1b around 0.3 and around 0.23 for dataset ds1g. For dataset ds1b we used
[180, 0, 0, 0, 0, 0, 0, 0] for upper thresholds and [Inf, 0.2, 0.07, 0.07, 0.007, 0.007,
0.007, 0.007] for bottom ones, it means that an enhancing-event over band 1
and blocking-events in the other bands were searched. You can see how it is
noticeable in Fig. 2, over the dashed areas while the imagery mental task occurs.
The classification results using a Gaussian classifier, are close to 99%, leave-one-
out evaluated for the BCI Competition IV data, as shown in Tab. 1. Results
with our own data reach a detection up to 70% of “intent of movement” and
80% of good classification as shown in last row of Tab. 1.

The current system architecture of the prototype is shown in Fig. 3, it includes
a MS-Windows Vista PC which receives wirelessly the EEG signal from the
EPOC headset at a rate of 128 samples per second. The PC processes data and
communicates to a mobile device via Bluetooth. The signal processing programs
were developed using Matlab. The client-server Bluetooth application between
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Fig. 3. System architecture of the prototype

Fig. 4. Application GUI

Fig. 5. Screens for the mobile device

the PC and the mobile device was developed using Blue Cove 2.1.0 API JSR-82
implementation library for J2SE 3 and the Bluetooth Android API. 4 The final
application has a graphic interface conformed with two windows as shown in
Fig. 4. The first one is to work with the EEG signal data: acquisition, training

3 BlueCove 2.1.0 API, http://bluecove.org/bluecove/apidocs/
4 Android Developers:Bluetooth,
http://developer.android.com/guide/topics/wireless/bluetooth.html
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and using databases files to simulate an input signal. The second one is for the
management of Bluetooth connectivity: looking for the remote mobile device,
searching for services and establishing connection. Functional evaluation were
performed, mental task 1 was associated to the command “call mom” and mental
task 2 was associated to “call dad”. In the mobile device the server process is
started, once the connection is established, when an “intent of movement” is
detected and classified, a message is sent to the mobile device in order to make
the phone call, as shown in sequence of Fig. 5.

5 Conclusions and Further Work

This work presents a comprehensive point of view for creating a real time control
system suitable for mobile devices using EEG signals. Previous works addressed
only a particular aspect such as: (i) enabling asynchronous control, (ii) strat-
egy for integrate a feature vector and classification, (iii) final application and
(iv) acquisition EEG signal device. Concerning to the EEG signal processing,
a phased strategy is proposed, first the detection of an “intent of movement”,
then the feature vector conformed around the detected instant, as the signal
is received and finally the classification. Excellent results were obtained using
the BCI Competition IV data sets I. Comparing to related asynchronous works,
Borisoff et al. [8] reached up to 80% of good detection for finger movements and
Faradji et al. [9] reached up to 70% for five mental tasks, some cases with no-
noise. Our methodology reached up to 98%. The submitted mental tasks were
classified correctly with percentages of classification around 95% using a simple
Gaussian-classifier. Comparing to other methodologies Keirn et al. [10] reached
90% of good classification, Zhang et. al [12] reached 90% and Bostanov [14]
reached 84%.

Processing remains lightweight and can be carried out in the mobile device.
Our vision for future work persues to gather and processes the signal from the
mobile. Taking into account the convenience of using a relatively easy and af-
fordable EEG signal acquisition device. Our results are promising, we reached
a detection up to 70% of “intent of movement” and 80% of good classification.
Much work has to be done in regard to the usability of those commercially avail-
able devices. Further work comprises a strategy to minimize the noise. Either
with a mechanism to detect false positives, avoiding large amount of noise that
is sent to the classifier; or by implementing a rejection class that catches all the
noise.
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