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BACKGROUND 
The electroencephalograph is a non-invasive monitoring procedure which consist of registering the electric activity 
in some of the cerebral cortex, it is carried out by locating electrodes right in the scalp, to capture the bioelectric 
pulses that have place inside the brain. 
 

OBJECTIVE 
Find out the difference between EEG signals when the subject is in repose state and whenever he try to move the 
buccinators or masseters, whiling to use this variations as a machine command or an instruction and be able to 
navigate a 27 letter containing matrix.  
 

RESULTS  
Was possible recognize the muscle movement by means of the Fourier amplitude spectrum quantification during 
repose and activity states, finding out that the activation signal was 10 times stronger in activity state than in 
repose. 

 
CONCLUSION 
The proposed system reach a high accuracy, because of the big signal difference between the two events that we 
want to identify and quantify, however the only problem is the electrodes location because the change of the 
position adds error to all the readings but this can be fixed by redefining, a bigger range for the threshold value.   

 
KEYWORDS: electroencephalograph, fast fourier transform communication, digital filter, brain computer interface, emotiv epoc, 
spectrum analysis 

 

INTRODUCTION 

 

Human being communication is the psychosocial process that allows us to share and receive information, at 

the same time it ease social interaction with fellow man, and accurate behavior in different situations. Usual 

communications habits includes body language, visual and verbal interaction even oral or written. 

There are disabling diseases, like body paralysis or muscular disabling syndromes that fiscally impede some 

people to use any of the mentioned communications skills. 

Nowadays many innovative devices are being developed to solve the loss of communication skills, for 

people with different motor disability degrees. Those devices known as brain computer interfaces, use brain 

signals as electric pulses produced in the cerebral cortex, to give orders to machines.  
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For example, in [2] the design of a hybrid interface is proposed, it combines visual and aural potentials and 

the register of the P300 potential. On the other hand, [3] brings up the possibility to use a developed interface to 

improve the event or pattern filtering method to work suitably. 

Some works related with the construction of  EEG signal based spelling systems achieve just the 39% of 

accuracy as can be seen in [4], where visual evoke potentials and synchronous and asynchronous models are 

used, finding out that the 12Hz response frequency has the best repeatability  with 89% of accuracy. In [5], 

visual evoked potentials are used to introduce a call number system, which has a numbered matrix from 0 to 9, 

instead of letter keyboard, reaching an accuracy of  95,39% but with oscillating sampling times and delays 

between 67 y 164 seconds. 

When it comes to spelling systems, there are many investigations and developments, as shown in [6], where 

a QWERTY keyboard is activated by means of the calculated evoked potentials obtained with O1 and Oz 

electrodes, reaching an accuracy range between 29 y 84% depending the stimulation time and the vision angle. 

As well [7] proposes the improvement of effectiveness and time response on BCI devices and EEG based 

spelling systems, by using language models.  

Low cost devices has been used in other researches, capable of capture and quantify face gestures to define 

alternative communications ways as shown in [8]. One of the latest market launched devices is the Emotiv 

EPOC®, a low cost electroencephalograph. Which features and versatilities allows engineers, doctors, 

neurologist and psychologist to use it [9], for sleeping research [10]. In [11] a robotic mobile and the headset 

Emotiv work was developed, it managed to control an  NXT-Lego® by means of cognitive commands. Finally, 

[12] presents a summary of some many different investigations about several brain computer interfaces 

developed in the last few years, showing the obvious interest of the science community to continue the research 

about this task, associated with the bioelectrical signals generate by different brain processes. 

Taking into account the above, the aim of this work is to find out the difference between EEG signals when 

the subject is in repose state and whenever he try to move the buccinators or masseters, whiling to use this 

variations as a machine command or an instruction and be able to navigate a 27 letter containing matrix, the 

calculation of signal variation, it´s done applying the Fourier Transform to the temporal data of the 8 electrodes 

with the biggest variation at the selected muscle activation time, it also defines the  power spectrum range, so if 

that value is exceeded it is taken as a trigger to start the matrix navigation. 

The first part of this document, exposes EEG signal associated tasks, as well as its applications out of 

medical science, it also shows the state of the art, finding out that there are several methods and devices to 

acquire biometric stimulation data. In the second part, a brief description of the materials and methodology is 

given. To explain its relevance to this research for the correct data acquisition. The third section presents the 

obtained data analysis. Finally the conclusions are exposed to plan future investigations on EEG signal 

processing.   

 

MATERIALS AND METHODS 

 

A. Materials: 

1) Brain-Computer Interface device: 

The brain computer interface equipment or BCI, are devices that transform bioelectric signals or pulses, 

which comes from the activation of several cerebral cortex zones, into commands or instructions that machines 

and computers can read. The propose of this devices is to allow humans to interact with the environment by 

means of the brain activity generated at the cerebral cortex, at the time of thinking about doing an specific 

action, with our the necessity of using external devices, like peripherals at other body part but the head. [13] 

The BCI device used for the development of this research was the Emotiv Epoc®, which is a non-invasive 

low cost encephalogram, with didactic, entertaining and educative aims [14]. However, thanks to the use of 

several libraries, it is possible to have accede the original signal of each cerebral zone that can be measured. The 

Emotiv device counts with 16 electrodes, distributed as required by the international encephalogram standard 

(10- 20) which is the way to acquire cognitive signals meaning that motion signals from the motor cortex are not 

taken into a count. Figure 1 shows the distribution of the headset. 
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Fig. 1: BCI device sensors distribution Emotiv Epoc ®. Taken from [9] 

 

In table 1 cerebral cortex areas are named for each of the presented sensors in figure 1, and it is possible to 

have access to each one thanks to the libraries employed. 
 

Tabla 1: Brain areas and the nomenclature of their respective electrode. 

Cortex Area Electrodes  

Granular Frontal AF4  AF3 

Triangular F7 F8 

Intermediate Frontal F3 F4 

Opercular FC5 FC6 

Middle Temporal T7 T8 

Occipitotemporal P7 P8 

Parastriate O1 O2 

 

2) Emotiv SDK: 

For the correct Emotiv usage and operation, the 8.3 MATLAB® version was used and also the SDK and the 

provided Emotiv system developing application interface.  

 

3) Acquisition: 

From the 16 shown electrodes in figure 1, 14 are acquisition sensors and 2 are references. For this particular 

analysis, only sensors AF3, AF4, F7, F8, F3, F4, FC5 and FC6 were taken into account, to measure the 

associated brain activity of the facial muscles like the buccinators and the masseter. Figure 2 shows the required 

steps to start communication with the headset, and to begging the data acquisition and its signal processing 

treatment. 

 

 
Fig. 2: Data acquisition scheme process. 

 

4) Signal Treatment: 

As it was mentioned above, 8 BCI present device sensors were selected, they presented the most relevant 

variations, by doing this the studies were ranged, making easier to find out the data variation when using each of 

the mentioned muscles in the last section. The processing step was divided in two parts, the first was the 

filtration of the acquired data in an specific frequency range, follow by the transformation part, to analyze the 

signals in a domain other than temporary.  
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a) Filter: 

There are several kinds of brain waves that oscillate in different frequency ranges, from 0.5 to 100Hz, 

however the most significant data for the electroencephalogram analysis is found between the 0.5 and the 30 Hz 

as shown in table 2. The headset EPOC developed by Emotiv is capable to acquire data in those ranges.  
 

Table 2: Brain waves types 

Brain waves Associated Functions Oscillation Frequencies (Hz) 

Delta  III sleeping stage 0.5-3.5 

Theta Sleeping stages I and II 4-7 

Alfa Low relaxing states. 8-12 

Beta Activity, anxiety and active concentration. 13-30 

 

The muscular movements are considered as conscious processes[15], because a certain concentration 

degree is required to generate the desired muscle movement. For this reason, Beta signals were selected for the 

propose of this work, due to the oscillation range of this signal is between 13 and 30Hz, a band pass filter were 

required which bands were located at 12,5 and 30,5Hz. 

The headset given signal is already conditioned, this is for noise is reduction in all the archived signals in 

the acquisition process. Even though a Chevyshev IIR filter was introduced as shown in equation 1. The fast 

band transition if this filter avoids the presence on non-desired frequencies in the flowing stages of the process.  

 

𝑯(𝝎) =
𝟏

√𝟏+𝜺𝟐𝑻𝒏
𝟐(

𝝎

𝝎𝟎
)
               (1) 

 

Where,  

𝜀   = Peak Factor 

𝑇𝑛 = Chebyshev Polynomial 

𝜔  = Angular frequency 

𝜔0 = Cutoff frequency 

 

 
Fig. 3: Chebyshev filter frequency response 

 

b) Fourier Fast Transform and power periodogram: 

The Fast Fourier Transform (FFT), is a computational method to calculate the Discreet Fourier Transform 

(DFT) in an efficient way. There are several FFT calculation methods, like Bruun or Rader algorithms, the 

prime factorization method and the Colley-Tukey algorithms, MATLAB® uses the last one to calculate the FFT 

and it is expressed in equation 2. 

𝑿(𝒌) = ∑ 𝒙(𝒏)𝒆
−𝟐𝝅𝒊(𝒏−𝟏)(𝒌−𝟏)

𝑵𝑵
𝒏=𝟏               (2) 

 

Where, 

𝑛 = Current sample  

𝑁 = Data set size 

𝑘 = Integer value between 0 and N-1. 

 

To implement the algorithm expressed in equation 2 it is necessary to take into account if the length is 

lower than any power of two, the signal most be completed with ceros till it reach the right size. 

In addition, to analyze by power the data of the transform or band frequency energy, it is common to use a 

tool named power periodogram, which consist in squaring the FFT amplitudes or magnitudes and also applying 

a logarithm as shown in equation 3.  

 

𝑷(𝑨) = 𝟏𝟎 ∗ 𝒍𝒐𝒈𝟏𝟎(𝑨𝟐)               (3) 

 

Where, 
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𝑃 = Frequency band power.  

𝐴 = Frequency band amplitude. 

 

c) Communication System: 

The proposed communication system for this research consist in a 27 letter matrix with a cursor moved by 

EEG movement associated signal stimulation of the buccinators and masseter. Once the subject determines the 

cursor is over the selected letter, he should pass to a repose or relaxing state, by this way the detected 

stimulation will disappear, confirming the choice. Figure 4 shows the general scheme proposed. It consist in the 

EEG signal measurement with the BCI for online treatment. 

 
Fig. 4: Communication system scheme 

 

Obtained Results: 

A methodology with a EEG signal acquisition protocol was developed for this case of study, their treatment 

and a decision function to navigate the desired matrix, which works as communication system by the bioelectric 

signal of the buccinators and masseter muscles.  

The spectral capture and analysis of the 8 sensors was made in the data acquisition stage (AF3, AF4, F7, 

F8, F3, F4, FC5 and FC6) and repose and activity muscular signals were obtained. 

The figure 5 shows the 8 acquired signals with the BCI during the repose state of the subject, he was asked 

to remind calm and keep blank his mind, the signal amplitude has a 55uV range as expected for this situation. 

 

 
Fig. 5: Control EEG signals. 

 

Figure 6 shows the average frequency spectrum obtained for the 8 sensors set EEG signals obtained during 

the subject´s relaxing state. It is possible to perceive that the lowest frequency bands have a remarkable power 

augmentation, because of the Delta and theta Frequency oscillation as shown in table 2.  

 

 
Fig. 6: Average power spectrum for neutral signals. 
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The brain wave that must be registered is the Beta signal, because it is where the conscious action of the 

facial muscle movement is appreciated. Figure 7 shows the repose signal spectrum filtered between 12.5 and 

30.5 Hz, a -40 drop can be observed at the non-desired bands, this means that the pass band filter works as 

expected. 

In this case the signal power oscillates around cero values, due to the fact that at this frequencies the active 

concentrations events are registered, they are not having place at this time because of the developed 

methodology. The fast transition between the programed limits is also appreciable. 

 
 

Fig. 7: Average power spectrum of the neutral filtered signals. 

 

Figure 8, shows the change or the step between the two states (neutral to active) the signal oscillation 

frequency and also its amplitude suffer and abrupt change, now the amplitude is about 200uV. 

 

 
Fig. 8: EEG associated signals to the buccinators and masseter muscles activation without being filtered. 

 

Figure 9 shows the effectiveness of the filter stage, now the signal has a smaller amplitude but is easier to 

appreciate the signal state, the change observed after the second one is the one that must be quantified, to be 

used as a start command of the communication system proposed at the methods chapter. 

 

 
Fig. 9: Filtered masseter and buccinators related EEG signals. 

 

The frequency spectrum of the filtered signals is exposed in the Figure 10, the frequency power change is 

remarkable in the beta oscillation range, the variation of this values is between 10 and 20 uV2/Hz. 
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Fig. 10: Average power spectrum for the masseter and buccinators muscle associated signals.  

 

Table 3 sum up the obtained data of ten measurements. A power increase can be appreciated, and it works 

as an indicator to decide the movement or the stop of the cursor trough the alphabetic matrix. 
 
Table 3: Active concentration and repose state power table. 

Attempt 
Average power (uV2/Hz) 

Repose Muscle activation 

1 0.6481 8.002 

2 0.8365 11.2401 

3 -1.211 12.7342 

5 -0.5362 12.0392 

4 0.25 8.4677 

6 1.298 13.2001 

7 -1.597 10.2987 

8 -2.051 12.2635 

9 -0.4578 11.245 

10 0.1154 13.156 

 

The decision to move or to stop the cursor over the alphabetic matrix, is made according to the expression 

show in equation 4. 

𝑓(𝑃) = {
 1 𝑠𝑖 𝑃 ≥ 𝑈  

0 𝑠𝑖 𝑃 < 𝑈
               (4) 

 

 

Where, 

𝑃 = Power 

𝑈 = Threshold  

 

This way, if the value U is exceed, the matrix navigation will start, and once the subject state changes to 

relax or repose mode, the energy will drop, and the matrix navigation will be stopped. 

 

Conclusions and Future perspectives: 

The analysis of the acquired signals with the Emotiv Epoc device, allowed this study to find out a 

measurable change of the electric muscular signals that come from the brain cortex, whenever the subject wants 

to move the buccinators or the masseter muscles. It was found that signal power increases almost 10 times, 

when the state changes from repose to active concentration by the attempt of moving the mentioned muscles. 

The increase of the power bands is more appreciable by the domain transformation, this shows that 

operations like Fourier transform are very useful to obtain and analyze relevant temporal immerse data. 

The proposed system reach a high accuracy, because of the big signal difference between the two events 

that we want to identify and quantify, however the only problem is the electrodes location because the change of 

the position adds error to all the readings but this can be fixed by redefining, a bigger range for the threshold 

value.   

The development of similar systems has been planned as future works, but with less obvious gestures, 

whiling to reach a bigger target, as people with ALS or look-in syndrome that are not even capable of control 

the facial muscles like the buccinators or the masseter. 
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