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Abstract
The speed and accuracy of signal classification are the most valuable parameters to create real-time systems for interac-
tion between the brain and the computer system. In this work, we propose a schema of the extraction of features from 
one-second electroencephalographic (EEG) signals generated by facial muscle stress. We have tested here three sorts 
of EEG signals. The signals originate from different facial expressions. The phase-space reconstruction (PSR) method has 
been used to convert EEG signals from these three classes of facial muscle tension. For further processing, the data has 
been converted into a two-dimensional (2D) matrix and saved in the form of color images. The 2D convolutional neural 
network (CNN) served to determine the accuracy of the classifications of the previously unknown PSR generated images 
from the EEG signals. We have witnessed an improvement in the accuracy of the signal classification in the phase-space 
representation. We have found that the CNN network better classifies colored trajectories in the 2D phase-space graph. 
At the end of this work, we compared our results with the results obtained by a one-dimensional convolution neural 
network.
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1 Introduction

In 1924, Hans Berger developed the electroencephalog-
raphy method of human brain study. [1]. The activity of 
the brain cortex, in this method, is visible in the change of 
electric potential on the scalp. Amplitude and frequency 
describe the oscillatory character of the signals obtained 
by EEG devices. Earlier research by Hans Berger has shown 
that there are frequency bands highly connected with 
the activity of the brain [2]. These frequency bands were 
named delta (< 4 Hz), theta (4–7 Hz), alpha (8–15 Hz), beta 
(16–31 Hz), and gamma (> 32 Hz). The original EEG signal 
is the compilation of all neuron’s activities. In this method, 
we are not able to distinguish the activity of single neurons 
or even a small group of neurons. What we get is prefera-
bly the general state of the brain. The second kind of signal 

is known as electromyographic (EMG) signal. The EMG is 
usually studied in the case of muscle disorders [3, 4], in 
controlling robotic limbs [5, 6] or face emotion recogni-
tion [7, 8]. As we see, the signal obtained by an EEG device 
represents the state of the brain and skull muscles. The 
signal must be processed if we want to extract informa-
tion about the state of the brain or face muscles. Recently 
the phase space reconstruction method became the most 
popular in analyzing EEG data [9, 10]. The basic concept 
of this method is the multidimensional phase space [11]. 
The time-dependent EEG signal represents a single point 
in this space. The dimension of this space depends on the 
amount of data representing the signal. Nevertheless, 
analyzing data in such a multidimensional space could 
be quite challenging. The projection of this vector on a 
given surface creates a two-dimensional pattern that can 
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say more about the non-linear nature of the EEG signal 
and is easier to analyze [12, 13]. This method was adopted 
to process a short-timed EEG series [14]. These short-term 
signals are very significant in real-time brain-computer 
interface (BCI) development [15]. The PSR method of sig-
nal processing is widely used in transport control [16]. All 
those methods of signal processing are usually introduc-
ing before the classification process of the patterns. Nowa-
days, the neural network (NN) techniques getting more 
significant in expert systems. For example, in breast cancer 
detection [17] or medical diagnostic applications [18]. The 
accuracy of NN depends on its topology and the quality of 
input data. Currently, there are many results from multi-
channel EEG mapping, where spatial and temporal data of 
EEG signals are studied, mainly for applications in neurol-
ogy [19–21]. One of the good examples may be the work 
of Jiao et al. In which the pattern recognition methods 
were used to classify EEG signals coming from working 
memory during cognitive tasks [22]. The installation of 
multi-electrode EEG devices usually requires the help of 
another person, which hinders the use of these devices 
in everyday applications. EEG devices that are currently 
gaining increasing popularity are mobile devices with only 
one active electrode and one reference electrode fastened 
on the ear. These systems, due to the user’s convenience, 
are potential candidates for use in remotely controlled 
computer devices.

In this work, we want to propose a different approach to 
short-timed signal processing. As a scientific background, 
we will use the phase space theory. We will show that pro-
cessed EEG signal, as an input to the neural network, can 
give better validation accuracy than raw EEG signal. Three 
kinds of signals will be analyzed here. The first one is the 

signal without any facial muscle tension. The second signal 
is coming from the jaw movement. The last signal registers 
the tightening of the mouth. The auto-mutual information 
theory will be used to show the separation of these three 
classes of signals. Finally, we will compare our results to 
that obtained from one-dimensional CNN.

2  Signals acquisition

In this work, a device from NeuroSky Mindwave Mobile 
[23] was used to collect EEG signals. This device is an inex-
pensive wireless EEG headset with a single electrode pow-
ered by one 1.5 V AAA battery. The sampling frequency 
of this device is 512 samples per second. This device can 
transmit both raw data and mental state data [24]. It is also 
able, at the hardware level, to filter the basic frequency 
bands of brain activity, such as bands; delta, theta, alpha, 
beta, and gamma. The conversion of the signal of analog 
activity of neurons to a digital signal takes place inside the 
EEG headset. The Bluetooth (BT) wireless system connects 
the device and a computer. Receiving data from the device 
is handled by the ThinkGear library procedure written in 
the C# programming language. The author of this work is 
responsible for the development of this software. Figure 1 
is showing the scheme of the EEG signal acquisition sys-
tem. The time-dependent raw signal in the form of two 
columns as a text file is stored. The first column represents 
the time, and the second column represents the values of 
the EEG signals. This data then creates a two-dimensional 
pattern. In chapter 4 will be more information about the 
construction of this pattern. Next, the neural network 
classifies the patterns. As the output of NN, we obtain a 

Fig. 1  Overview of project 
workflow
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probability vector, which characterizes the probability of 
similarity of the tested signal to three previously described 
classes. In chapter 5 will be more about the neural network 
used in this work.

3  The biological source of the signal

The subject of research in this work is a short-term EEG 
signal created during the change of muscle tone in the 
mouth and gums. Generally, these signals come from the 
facial muscles that are responsible for the facial expres-
sions of the human face. Signals collected in this experi-
ment creates three different classes corresponding to the 
activation of other parts of the facial muscles. The first class 
of signals corresponds to the lack of tension of any facial 
muscles. This class has been named NONE. The second 
class of signals corresponds to the condition of tighten-
ing and loosening the mouth muscles. The name of this 
class is LIP. The third class is from clamping and loosening 
the jaws. JAW is this class name. The biological object of 
research in this work was its author. After a single session 
for specific facial expression, we have collected 400 one-
second signals. The total number of samples is equal to the 
number of samples multiplied by the number of classes. 
We have here in a total of 1200 samples. The author has 
conducted ten such sessions at different times of the day. 
Each item has a number. Data was not collected from the 
device when the signal condition was weak, which was 
usually caused by a low battery level. In this project, the 
placing of the measuring electrode is the frontal lobe of 
the brain (two inches above the brow). According to the 

international 10–20 electrode placement standard [25], 
the plate was in the Fp1 position. The reason for such 
placement of the electrode in this test is its native loca-
tion when installing the EEG device. Employing a clip on 
the ear of the examined subject places the reference elec-
trode. The author conducted these non-invasive EEG tests 
on himself. All samples collected in this study are available 
on the GitHub website in the EDF format used in the medi-
cal series [26].

4  Patterns construction

Neural networks usually process data in the form of a ten-
sor. An image is one such example of a tensor form. The 
raw image data structure consists of a three-dimensional 
tensor denoted as Image [w][h][c], where the indices w, 
h, and c means the width, height, and color of an image, 
respectively. The dimension represented by the value 
of c corresponds to the number of channels associated 
with the selected color model. The most popular RGB 
model has three channels; red, green, and blue. The design 
of the pattern consists of projecting functional depend-
encies between the data constituting the components of 
the series representing the EEG signal on the image plane. 
The first pattern studied here comes from a raw time-
dependent output EEG signal. We see here the depend-
ence of EEG (t) in the form of a white curve on a black 
background. The original signal data has been rescaled 
here so that the curve is inside a 512 × 128 pixel frame. 
The value of the image width is related to the amount of 
data in a one-second sample. In the first picture of Fig. 2c, 

Fig. 2  Phase space reconstruc-
tion patterns; a harmonic 
oscillator, b random oscillator, 
c EEG data, d classical mechan-
ics trajectory
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we see such an EEG image. The modern way of process-
ing EEG signals refers to the theory of deterministic chaos 
[11]. The concept of phase space is the main idea of this 
theory. Consider the EEG signal as a data set, where each 
of them is a single time point in this set. These data are 
representing an n-dimensional vector in the phase space. 
Each data point represents one dimension. This type of 
vectors is complicated to present in the form of a pattern. 
In the analysis of dynamic systems, the phase-space graph 
is coming from a delayed dependence in the data set. This 
means that for each pair of points 

(
zk , yl

)
∈ X  elements yl 

and zk are linked by the following relationship yl = zk+T 
and form two subsets of Z and Y within the set X, defined 
by indexes k = 1, 2,… , n − T  and l = T , T + 1,… , n , where 
T is the phase shift. This constant T is an integer. The theory 
of mutual information is usually used to approximate the 

value of T [27]. This value is commonly between 3 and 7 
for EEG signals [28, 29]. The shared information equation 
between the sets Z and Y will look as follows.
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k = 1, 2,… , n − T  . If we now substitute this relationship to 
Eq. 1, we get

Minimization of this auto-mutual information (AMI) 
function concerning T estimates the optimal value for 
the delay with the given data stream [30]. Based on the 
delay T, we can create a new pattern on the 2D image. It 
is a set of pairs of points 
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model with a dimension of 128 × 128 pixels. We are talking 
here about the image representing the phase space for a 
given time signal. If we have a regular orbit in the phase 
space, we know that we have harmonic oscillations in our 
dynamic system (Fig. 2a). If the system behaves chaotically, 
we are unable to see any regular orbit in the phase space 
plot (Fig. 2b). In this representation for the EEG signal, we 
see irregular orbits, and the graph is less chaotic than in 
the case of random data (Fig. 2c). On the black and white 
picture, we can not distinguish the beginning and the end 
of the line in the plot of created phase space. The truth is 
that time is not visible for this pattern. To increase the vis-
ibility of the time direction, we have introduced colors to 
the model in such a way that the colors of the trajectory 
lines change continuously from red to blue. We can con-
vert the total time values into an RGB vector using these 
three simple functions

where t ∈ ℕ . In Fig. 2c, we see an example of a colored 
trajectory in the phase space (the first image from the 
right). This method is less expensive (time-consuming) 
than entering another dimension, as is the case in the 3D 
phase space classification [31]. Another interpretation of 
the phase space comes from classical mechanics in which 
a two-dimensional phase space is a function of momen-
tum relative to location. The oscillation of the EEG signal is 
one-dimensional in the sense of a classic oscillator. If we 
assume that mass is equal to one, then momentum can be 
equivalent to speed. v(t) = lim

h→0
(x(t + h) − x(t))∕h of 

change of the oscillating signal. Using the graph v(x) , we 
can create a different pattern representing the EEG signal 
(Fig. 2d). All conversions from the raw signal to the image 
were made using the original program developed by the 
author of this work. [32].

5  Model of neural network

Artificial neural networks are currently very successful in 
such a problem as the classification of features. The main 
reasons for this are the development of the convolutional 
neural network [33], deep learning method [34], and fast 

FR(t) =

⎧⎪⎨⎪⎩

t 0 ≤ t < 256

255 256 ≤ t < 512

−t 512 ≤ t < 768

0 768 ≤ t

, FG(t) =

⎧⎪⎨⎪⎩

0 0 ≤ t < 256

t 256 ≤ t < 512

255 512 ≤ t < 1024

−t 1024 ≤ t < 1280

,

FB(t) =

⎧
⎪⎨⎪⎩

0 0 ≤ t < 768

t 768 ≤ t < 1024

255 1024 ≤ t < 1280

−t 1280 ≤ t < 1536

,
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increase of computing power, especially the use of graph-
ics cards for numerical calculations [35]. There is the use 
of CNN in recognition of handwriting [36], speech [37], 
and drug molecules [38]. The 2D CNN model used in this 
study consists of 6 layers. The CNN input tensor has the 
shape of 512 × 128 × 3 or 128 × 128 × 3, but the output ten-
sor has the form of 1 × 3. The output represents the prob-
ability of finding one of three types of EEG signals; LIP, 
JAW, and NONE. There are four convolutional layers and 
two fully connected layers in this model (Fig. 3). The first 
mentioned type of layer consists of three elements, such 
as a convolution filter, a subsample, and an activation 
function. The purpose of the convolution filter is to detect 
the presence of specific features or patterns present in 
the original data. The first layer in the CNN network was 
designed to detect (large) functions that are reasonably 
easy to recognize and interpret. Subsequent CNN layers 
are used to understand more advanced features that are 
more abstract. The max-pooling technique enables you 
to distinguish features of objects regardless of where and 
from what angle they appear in the image. In this net-
work, the max-pooling operation involves downloading 
the maximum value from a 5 × 5 square matrix and creat-
ing a subsample of data. The goal is to sample the input 
representation, which in turn reduces its dimensionality. 
Max-pooling also reduces the number of free parameters 
in the model and calculation costs. The max-pooling out-
put goes to the rectified linear unit (ReLU) [39], which in 
this case, is the activation function. Fully connected layers 
are responsible for the classification process. We used a 

similar model for CNN 1D. The only difference is that we 
have used a one-dimensional convolution filter. The input 
to this network is a vector of integers with the size of 512 
data points. In Table 1 are the parameters of our system. 
We applied the Adam algorithm in the training process 
of our network [40]. This algorithm is a variant of the sto-
chastic gradient decrease algorithm. The selected unit of 
time in the process of learning the system is an epoch. 
An epoch is defined as a single pass through the entire 
training set while training a machine learning model. The 
initial learning rate was equal to 2 × 10−5. After every ten 
epochs, its value was divided by five. Initial weights and 
biases are random with 0.05 standard deviation. The ran-
dom seed was equal to zero for all calculations. When the 
random seed is the same for all representations of EEG sig-
nals in the learning process, we can compare the results. 
The training process of our network has been carried out 
until the loss of validation decreases. Learning time varies 

Fig. 3  The diagram of the neu-
ral network used in this project

Table 1  The parameters of 1D and 2D convolutional neural net-
works

Name of layer Filter size #Filters #Neurons Stride Padding

Conv1 5 32 × 1 2
Conv2 5 32 × 1 2
Conv3 5 64 × 1 2
Conv4 4 64 × 1 1
Fc5 1 × 4096 1 0
Fc6 1 × 256 1 0
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from 60 to 300 epochs. The TensorFlow library was used 
to build the CNN network [41]. Python programs using 
1D and 2D CNN were placed in the GitHub repository to 
reproduce the results [42].   

6  Results and discussion

The recognition of short-duration EEG signals (less than 
a second) is a fundamental part of building multiple sys-
tems for brain-computer interaction. Any improvements 
in classifying short-timed signals can help to create more 
useful applications. One of the advances in signal clas-
sification can be the method of phase space reconstruc-
tion. We want to show the PSR’s ability to create more 
distinctive functions between different signal groups. 
The time delay T between the raw signal data points 
plays a fundamental role in the PSR. First, we want to 
calculate the mutual information (Eq. 2) between succes-
sive data points for each signal class. For this purpose, 
we collected 4000 samples for each group. Next, we cal-
culate AMI concerning the delay T in the range from 1 
to 200. Then we record the value of the delay T for the 
minimum AMI in the histogram of the probability PAMI(T ) . 
The distance T for the maximum of AMI(T) function indi-
cates the most independent data in the data set. Figure 4 
presents the probability results for three facial muscle 
states (JAW, LIP, NONE). The results show that the most 
likely value of the T-delay for jaw and lip movements is 
5. The maximum values of these two probabilities are 

almost the same with a slightly higher value in the case 
of lip motion signals. The probability of the lack of ten-
sion in the facial muscles is much flatter than in the two 
previous functions. The function reaches its maximum at 
T = 13. It means that the distance between independent 
data [30] is much more prominent. The reason for this 
may be a lower frequency of signals. Looking again at 
Fig. 4, we see that the case with the lack of facial mus-
cle tension is significantly different from those in which 
facial muscle tension occurs. Another significant ques-
tion that we want to answer in this work concerns the 
relationship between the T-delay step and the accuracy 
of recognizing signals that do not participate in learn-
ing the neural network. To achieve this goal, we have 
prepared 400 images of the EEG signal in the phase 
space with a given T shift with a data set for each class 
(JAW, LIP, NONE). The network was set to take 20% of the 
images as a validation (test) set, what gives 80 images 
per class. The rest of the pictures (80%) take part in the 
machine learning process. The seed of random algorithm 
is constant for all calculations of the network weights. 
We have applied the same T-delay shift for all classes. 
The program is recording validation accuracy value for a 
given set of images at the point of minimum loss of vali-
dation. The presented here validation accuracy comes 
from averaging over ten different sets of EEG signal data. 
We have repeated this calculation for nine values of 
T-delay steps ranged from 1 to 9. The validation accuracy 
has been estimated both for black&white and colored 
images. In general, the increase of T-delay in phase space 

Fig. 4  Minimization of auto-
mutual information concern-
ing time delay T for three 
different EEG signals
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patterns makes a decrease in the validation accuracy of 
the neural network both for B&W and colored images 
(Fig. 5). We can observe the best value of validation accu-
racy for T = 1. For colored trajectories, validation accuracy 
reached a maximum value (90.54%) (Table 2). It means 
that painted phase space trajectories give better results 
at low T values. Other valuable information for future 
application of given patterns is the learning time. As 
we know, the learning rate can be adjusted to provide a 
longer or shorter learning time. We have here applied the 
same rule of the learning rate for all types of patterns to 
compare the learning time results. The learning process 
in our experiment finishes when validation loss reaches 
its minimum value. Although the best accuracy is at T = 1, 
the learning time at this point is the longest one both for 
B&W and colored trajectories (Fig. 6). For T = 1, the neural 
network learning time is 2160 epochs. Next, the learning 
time falls exponentially to 950 for T = 9. If we look at the 

inset of Fig. 6, we can see that the best ratio of accuracy 
to learning time is for T = 4 and T = 6, which is close to 
maxima of class JAW and LIP in PAMI(T ) probability. In 
Fig. 7 we see the diversity of data samples. The learn-
ing time of PSR pattern for T = 1 varies with the sample 
number, randomly. Generally, the process of learning a 
colored model takes longer than the process of learning 
a black and white pattern. The reason for this may be the 
definition of an input tensor. For black and white images, 
we have binary data, but for color images, the input ten-
sor accepts many different floating-point numbers from 
0 to 1. Another definition of phase space gives classical 
mechanics, where the x-axis represents the position and 
y-axis velocity of an oscillating point. Speed is a deriva-
tive of location. We calculated this value as the differ-
ence between successive EEG signal values divided by 
a fixed period of 1/512 s. Figure 2d is an example of this 
phase space trajectory. The validation accuracy of these 

Table 2  Classification accuracy 
of different patterns averaged 
over all samples

Pattern name Image size Validation accu-
racy (%)

Error (%)

Raw signal 2D 512 × 128 85.67 8.91
Classical mechanics phase space 2D 128 × 128 86.79 5.39
Classical mechanics phase space (color) 2D 128 × 128 87.08 5.01
Shifted phase space [t + 1] 2D 128 × 128 86.12 5.01
Shifted phase space [t + 1] (color) 2D 128 × 128 90.54 3.98
1D CNN – 87.37 3.77

Fig. 5  The dependency of vali-
dation accuracy of time delay 
for monochromatic and color 
phase space patterns
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images we can see in Fig. 8. The difference between B&W 
and colored images is less pronounced in this case. If we 
look at the sample series, the B&W and color patterns 
follow the same path. In contrast, the PSR constructed 
as T-delay in data series shows some striking differences 
in sample 1 and 7 (Fig. 8). The validation accuracy is, on 
average, 4.5% higher for colored than for B&W images. 

For comparison, the same figure shows the results for a 
one-dimensional convolution network. We can see that 
the 1D CNN also gives worse results when recognizing 
signals than colored PSR. Another way to measure the 
quality of the introduced algorithm is to determine the 
confusion matrix [43]. In Fig. 9, we see the confusion 
matrices calculated from the model based on the fourth 

Fig. 6  Graph of learning time 
dependent on delay for black 
and white and colored phase 
space trajectories. The insert 
shows the accuracy divided by 
the learning time relative to 
the step of delay

Fig. 7  The learning time 
dependence for nine different 
samples
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sample. In this test sample, we have 240 random pat-
terns of three different kinds. The smaller the value on 
the extra-diagonal of the confusion matrix, the higher 
the quality of the signal classification. The best quality 
of the model we can observe in the case of PSR with T = 1 
and introduction of coloring algorithm (Fig. 9e).     

The total learning time, counted in epoch, for all types 
of images we can observe in Fig. 10. Looking at that fig-
ure, we can conclude that the phase space reconstruction 
based on classical mechanics is less demanding in the case 
of the learning process. The learning process lasted the 
longest for 1D CNN. On the other hand, the time for con-
structing 1D vectors is considerably shorter than the time 

Fig. 8  The 1D CNN, classical 
mechanics and data shifted 
phase space plot against sam-
ple number

Fig. 9  The 1D CNN, classical 
mechanics and data shifted 
phase space confusion matri-
ces of sample four
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for creating phase space images. Vector construction time 
is very significant in systems for recognizing short-time 
signals.

7  Conclusions

In summary, the phase space reconstruction method is 
useful in the classification of short-timed EEG signals. 
We found that for the delay T = 1 in the time series, the 
precision of the validation of the EEG test signals has 
the highest value. We have also proved that incorporat-
ing color into PSR images increases the overall accuracy 
of validation of the test set of EEG data for the tested 
network by 4.87% compared to raw signal images and 
3.17% compared to 1D CNN. These studies show that 
even with such a simple EEG device, facial expression 
signals are fairly well recognizable. In future research, we 
want to combine methods related to the reconstruction 
of the phase space and neural networks to create a new 
network layer aimed at the recognition of EEG signals.
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