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Abstract  
 

In recent years, the control of devices “by the power of the 

mind” has become a very controversial topic but has also been 
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very well researched in the field of state-of-the-art gadgets, such 

as smartphones, laptops, tablets and even smart TVs, and also in 

medicine, to be used by people with disabilities for whom these 

technologies may be the only way to communicate with the 

outside world. It is well known that BCI control is a skill and 

can be improved through practice and training. This paper aims 

to improve and diversify signal processing methods for the 

implementation of a brain–computer interface (BCI) based on 

neurological phenomena recorded during motor tasks using 

motor imagery (MI). The aim of the research is to extract, select 

and classify the characteristics of electroencephalogram (EEG) 

signals, which are based on sensorimotor rhythms, for the 

implementation of BCI systems. This article investigates 

systems based on brain–computer interfaces, especially those 

that use the electroencephalogram as a method of acquisition of 

MI tasks. The purpose of this article is to allow users to 

manipulate quadcopter virtual structures (external, robotic 

objects) simply through brain activity, correlated with certain 

mental tasks using undecimal transformation (UWT) to reduce 

noise, Independent Component Analysis (ICA) together with 

determination coefficient (r2) and, for classification, a hybrid 

neural network consisting of Radial Basis Functions (RBF) and 

a multilayer perceptron–recurrent network (MLP–RNN), 

obtaining a classification accuracy of 95.5%. Following the tests 

performed, it can be stated that the use of biopotentials in 

human–computer interfaces is a viable method for applications 

in the field of BCI. The results presented show that BCI training 

can produce a rapid change in behavioral performance and 

cognitive properties. If more than one training session is used, 

the results may be beneficial for increasing poor cognitive 

performance. To achieve this goal, three steps were taken: 

understanding the functioning of BCI systems and the 

neurological phenomena involved; acquiring EEG signals based 

on sensorimotor rhythms recorded during MI tasks; applying 

and optimizing extraction methods, selecting and classifying 

characteristics using neuronal networks. 
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Introduction  
 

Over time, people have been fascinated by the idea of creating 

an interface that allows machines to “read” and interpret 

thoughts correctly for the automatic execution of tasks. Recent 

discoveries in the fields of neuroscience and engineering make it 

possible to translate this idea, seen in the past as a myth, into 

applications that have proven to be viable, although only in a 

small field [1–3]. Although the idea has persisted for a long 

time, the complexity in its implementation means that, even 

today when technology has reached huge evolutionary 

proportions, interfacing the biological with machines 

(robots/computational structures) [4] is perhaps too much of a 

challenge. However, through the ambition and perseverance of 

scientists, researchers and those people eager to find solutions to 

problems that seem impossible to solve, the transition from the 

prototype stage to the large-scale implementation of brain–

computer interface applications is just a matter of time [5]. 

 

The implementation of an operative communication solution, 

coming as an alternative to the use of speech, gesturing hand 

movements or head movements, is a considerable help in 

improving the situations of people with severe disabilities [6,7] 

whose motor functions are reduced due to accidents or diseases, 

and have musculoskeletal system difficulties such as paraplegia, 

paralysis or loss of limbs. BCI systems based on sensorimotor 

rhythms are known as motor imagery (MI) BCI systems [8]. 

Sensorimotor rhythms include alpha (8–13 Hz) and beta (14–26 

Hz) frequency bands [9,10]. When a human imagines a motor 

action without any actual movement, the power of alpha and 

beta rhythms can decrease or increase in the sensorimotor 

cortices over the contralateral hemisphere and the ipsilateral 

hemisphere; this phenomenon is called event-related 

desynchronization/synchronization (ERD/ERS). EEG allows 
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completely new possibilities to research the activities of the 

human brain [11]. It uses electrodes placed directly on the scalp 

to measure the electrical potentials generated by the electrical 

activity of the brain, which have a small amplitude (5–100 μV). 

Due to the skin, bone tissue (skull) and other tissues that 

separate the electrodes from the actual electrical activity, the 

signals tend to be attenuated and quite noisy. Therefore, while 

EEG measurements have a good temporal resolution with delays 

of tens of milliseconds, the spatial resolution tends to be small, 

varying, at best, to an accuracy of about 2–3 cm but usually even 

less. Two centimeters on the cerebral cortex may be the 

difference between deducing that the user is listening to music 

when, in fact, he is moving his hands [12]. Therefore, the 

interface that has as its starting point the potentials generated by 

the brain (EEG signals) is called the “brain–computer interface” 

(BCI). 

 

The first applications for interfacing the biological with 

machines have their origin in the military field [13–15]. The 

competitive environment made these applications develop very 

quickly, and the ideas were later taken over and implemented in 

other fields, such as medicine and the video game industry 

[16,17]. BCI-based technology is a powerful tool for 

communication between systems and users. A particularly 

important aspect is that in BCI applications, there is no need for 

the intervention of the muscular system. Therefore, one of the 

main aspects of the studies is to help people with disabilities by 

implementing solutions that will improve their way of life 

[18,19]. 

 

A brain–computer interface is a system that allows a person to 

send commands to an electronic device just by simple voluntary 

variation in brain activity (thoughts) [20–24]. These terms refer 

to an interface that takes signals generated by the brain and 

transmits them in an interpretable form to electronic devices.  
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The fundamental steps that a BCI system follows are: 

• measuring electrical, magnetic activity or any other form of 
physical manifestations of the oscillating activity of the 
brain; 

• interpretating acquired signals; 

• transposing signals into viable commands for a computer or 
various other devices (robotic structures, wheelchair, bionic 
elements, brain-to-vehicle). 

 

In other words, the brain–computer interface translates users’ 

intentions, which have an impact on the encephalographic 

signal, into control signals for various external computerized 

devices [25]. The biggest advantage of BCI systems is that there 

is no need to activate peripheral muscles or nerve structures, and 

the applications are very diverse [26–30], in areas such as 

wheelchair control [31–33], internet browsing [34,35], games 

[36] and brain-to-vehicle [15,37]. 

 

Nowadays, researchers have begun to develop completely 

different types of BCI systems, which, although at a theoretical 

stage, do not seem impossible to implement. These new systems 

are a significant part of the development of artificial intelligence. 

The fundamental idea is to load all the functions of the brain into 

a robotic assembly [38,39], giving it the ability to be 

autonomous (to make decisions in the field of the space of 

random variables encountered). 

 

The proposed investigation is conducted through experimental 

studies, which propose improved stimuli and tasks on the 

interests and preferences of users in a BCI architecture based on 

motor imagery. A comparison with a second method is made of 

the cognitive mental states of the users, aiming at the subsequent 

improvement of the control within a BCI. Paradigms investigate 

brain fluctuations induced by various stimuli and activities to 

provide the means to detect significant neural information in 

brain activity that is critical to a BCI-like application. While the 

first paradigm considers sensorimotor rhythms, the second 

paradigm is based on Event-Related Potentials (ERPs). Most 

BCI paradigms consider the temporal information or spectral 
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information of the activity generated by the brain, but rarely is 

the research performed as a whole, simultaneously considering 

the analysis of the time–frequency domain. As will be seen in 

this paper, the analysis that considers a single domain could be 

suboptimal because brain activity presents additional 

information that is visible in both the temporal and spectral 

domains. Therefore, this article deals with methodological 

improvements that include complementary information, 

obtaining a more accurate analysis of data that exceeds the 

performance of most available methods. BCI systems have a 

wide range of applications from quite simple to complex. There 

are BCI applications for spelling, simple computer games, 

wheelchair control, internet browsing or in a virtual environment 

[40,41]. Usually, applications are specially built for a certain 

type of BCI, being part of an integrated system. BCI systems 

that can connect and effectively control other devices are quite 

rare. An increasing number of systems allow the control of more 

sophisticated devices, including orthoses, prostheses, drones, 

robotic arms or even mobile robots. BCI systems can also be 

used for neurorehabilitation [42–45]. 

 

In this article, we propose a new approach to a BCI system 

based on the use of filter benches to reduce noise using UWT 

wavelet multiresolution analysis, the development of a 

generalized detector using ICA and r2 algorithms to extract 

features and optimize the detection test and, for classification, 

we use a hybrid neural network consisting of RBF and MLP–

RNN. We also combine the two paradigms used in BCI based on 

five motor imagery tasks and cognitive mental states tasks, 

which can be determined by simultaneously analyzing the alpha 

and beta waves used in video games. This approach has a unique 

character according to the mentioned literature. The paper is 

structured as follows: in the first part we present the way of 

accomplishing the MI tasks of acquisition and training and the 

mathematical algorithms used in the processing and 

classification of EEG signals. In the second part, we present the 

results obtained and the conclusions. 
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Materials and Methods  
The Structure of a Brain–Computer Interface  
 

A brain–computer interface is a system that allows a person to 

send commands to an electronic device just by simple voluntary 

variation of brain activity (thoughts). In other words, the brain–

computer interface translates users’ intentions, which have an 

impact on the encephalographic signal, into control signals for 

various external computerized devices. In fact, this works 

through the interaction of adaptive controllers: the brain (seen as 

such a regulator that produces signals) and the interface itself 

(EEG sensors and DAQ/Data AcQuisition card), which 

translates signals into commands. Figure 1 represents the 

components of a BCI system. 

 

 
 

Figure 1: The block diagram of BCI system for MI classification. 

 

Experimental Setup  
 

For the acquisition of EEG signals, we used a BCI system 

produced by G-Tec and the software applications were 

developed by us. The data were recorded using eight non-

invasive electrodes placed on the scalp according to the 

international standard 10–20. The channels chosen for electrode 

placement were: CP3, CP4, P3, C3, Pz, C4, P4 and Cz (Figure 
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2). These channels were chosen in both hemispheres, according 

to the appearance of sensorimotor rhythms in these areas. The 

reference electrode is placed on the right ear. In the first phase, 

the distance between the ion and the nation is measured, and the 

ground electrode, which is placed on the FP1 channel, must be 

located at 10% of the measured distance. Then the electrodes are 

fixed on the helmet and the skin is contacted with a conductive 

gel. After completing these steps, the data can be recorded, but 

not before informing the subject about the tasks he/she has to 

perform during paradigm. The recordings were made on 60 

subjects in the biomedical signal processing laboratory within 

the faculty of transports, electronics and telecommunications 

department. Subjects are placed in front of a monitor on which 

either left and right arrows are displayed successively or nothing 

is displayed. They must look carefully at the direction indicated 

by the arrow and imagine the movement of the hand indicated 

by it and, when nothing appears on the monitor, the subject must 

relax. The sampling frequency was 1 kHz and the visual 

stimulus time was 4 s. First, we processed the data obtained so 

that they could be used in subsequent experiments and analyses, 

and so that the signals corresponding to the motor imagery 

movement of the left hand and the right hand, respectively, and 

those corresponding to relaxation were extracted, then the 30 

attempts were mediated. 

 

 
 

Figure 2: The electrode that was marked in yellow denoted those used for 

online control. 
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Experimental Design and Protocol  

 

An important aspect of BCI systems is that the user has to 

perform various mental tasks and strategies in order to generate 

specific traits. Brain–computer communication is based on these 

mental strategies, which are defined and limited by the abilities 

of the subjects. In other words, BCI systems are created 

according to the needs and skills of the subjects. However, the 

subjects also have the duty to learn different strategies and to 

train their brain to generate certain models that the systems can 

“understand”. The most used mental strategies are motor 

imagery and selection (focusing on different objects, focusing on 

attention). In paradigms based on the method of selective 

attention, external stimuli are used in various forms: visual, 

auditory or somatosensory. The most used stimuli are the visual 

ones. Paradigms developed based on visual stimuli are divided 

into two categories depending on the brain characteristics they 

produce: paradigms based on the P300 potential, paradigms 

based on SSVEP (Steady State Visual Evoked Potential). 

Paradigms based on sensorimotor rhythms have a completely 

different approach. Compared to selective attention-based BCI 

systems, there is no need to use external stimuli. The movement 

of any limb or the simple contraction of a muscle is felt in the 

electrical activity of the brain. Any movement is the result of a 

brain-generated impulse, not the other way around. Thus, we can 

say that the movements exist only due to the central nervous 

system, and the lack of movements is not necessarily due to 

brain inactivity but to the interruption of the transmission 

pathway (peripheral nervous system) of the impulse. We can say 

that there is brain activity related to the movement itself even 

before it occurs, there being obvious changes in sensorimotor 

rhythms. These sensorimotor rhythms (SMR) refer to the 

oscillations that occur in activity in the motor or somatosensory 

regions of the brain. Just imagining the movement of some limbs 

can cause changes in sensorimotor rhythms. 

 

For classification we need two types of records: records made in 

the learning paradigm and records made during testing. During 

the test, the motor imagery movement of one hand is used, the 
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hand for which the best results were obtained in the offline 

analysis, so the classification is performed separately for the left 

hand and the right hand, respectively. In this test paradigm, the 

subject must guide a ball so that its motor imagery moves to the 

left and right, and so that the balance tilts to one side or the 

other. When the ball is on the left or right side, the subject 

should imagination the movement of his left/right hand, and 

when the ball is at rest (left/right or center balance), the subject 

should relax (Figure 3). 

                  
  (A)                                           (B) 

 

 
(C)                                               (D) 

                  
Figure 3: The paradigm of testing, controlling (moving) the ball. The ball is 

the cursor and moving the ball is the target. (A) Before the ball reaches the 

target to move to the right (the subject imagination the movement of the right 

hand). (B) When the ball reaches the state of equilibrium— stop (the subject 

relaxes). When the moving target is reached, the ball stops. (C) Before the ball 

reaches the left target (the subject imagines the movement of the left hand). 

When the ball reaches the state of equilibrium—stop (the subject relaxes). (D) 

The state of equilibrium (relaxation). 
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The subject must perform different motor imagery movements at 

times specified in the experiment created in the program. Images 

are displayed on a monitor that suggest successive states of rest 

and movement of the ball. The subject must be careful and 

follow exactly the directions in the pictures, otherwise the 

experiment is no longer valid for what is being followed. Each 

subject participated in three sessions of online BCI control—left 

and right (L/R) ball movement—on separate days. There were 

ten runs of BCI control in each of the three sessions, and each 

run took about 5–6 min with an interval of 1–2 min according to 

the subject’s willingness. There were 25 trials in each run and 

250 trials in each session. 

 

Each motor imagery complex was repeated several times during 

a purchase. In the signal processing stage, the segments specific 

to the associated classes are extracted for each acquisition made. 

The test application transmits to the purchasing software the 

time points at which the markers must be placed on the 

purchased signals. At each transition from one stimulus to 

another, a marker with the class number to which it belongs is 

placed on the acquired signal. 

 

During the tests, the 6 mental tasks necessary to control the 

virtual drone were created: 

 

1. Imagery of the movement of the right and left hand: For the 

task of the left/right hand the subject was instructed to 

imagine the movement of the arm of the right/left hand to 

correspond to the movement of the right/left ball. The 

subject was instructed to repeatedly perform this imaginary 

movement, at his own pace, as the ball moved, for 4–5 s. 

2. Imagery of the movement of the right/left foot: For the task 

of the foot, the subject was instructed to imagine the 

movement of the right/left foot to correspond to the 

movement of the right/left ball. Similarly, the subject was 

instructed to repeatedly perform this imaginary movement, 

at his own pace, as the ball moved, for 4–5 s 

3. Imagery of the handling of a cube with both hands: For the 

imagery of handling a cube load, the subject was instructed 

to imagine handling a Rubik’s cube with both hands. To 
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ease the imagery, a real Rubik’s cube was placed on a table 

in front of him at a distance of 30 cm. Similarly, the subject 

was instructed to repeatedly perform this imaginary 

movement, at his own pace, for 4–5 s. 

4. Musical imagery: Finally, for the task of musical imagery, 

the subject was instructed to remember only instrumental 

music, without lyrics, to avoid associating language-related 

areas of the brain for 4–5 s. 

 

Proposed Methodology for Signal Processing  
 

The Figure 4 shows the proposed methodology for processing 

EEG signals. 

 

 
 

Figure 4: Flow-chart indicating EEG data-processing pipeline. 
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Noise Reduction and Multiresolution Analysis Using 

Undecimated Wavelet Transform (UWT)  

 

The wavelet transforms of any signal 𝑓(𝑡) defined for any 

moment of time 𝑡 ≥ 0 is defined as 

 

𝑊𝑇𝑓(𝜎, 𝜏) =
1

√|𝜎|
∫ 𝑓(𝑡)𝜓(𝜎,𝜏)(𝑡)𝑑𝑡

∞

−∞
                                      (1) 

 

where 𝜓(𝜎,𝜏)(𝑡) =
1

√|𝜎|
𝜓 (

𝑡−𝜏

𝜎
) with 𝐶𝜓 = ∫

|𝜓(𝑢)|

|𝑢|
𝑑𝑢 < +∞. 

The term 𝜎 represents a scaling factor, while 𝜏 is a translation 

factor. Common 𝜓(𝜎,𝜏)(∙) wavelet basis functions are the Haar 

wavelet, Symlets wavelet, Daubechies wavelet and Mexican Hat 

wavelet [46]. 

 

The process of reducing noise from UWT transformed EEG 

signals performs multiresolution analysis to detect transient and 

non-stationary phenomena by decomposing them into sub-bands 

of analysis. After detection, the transient phenomena related to 

noise are eliminated and the signal is reconstructed [47]. 

 

Choosing the order of the Daubechies wavelet was conducted 

based on the same reason, db02 proved to produce the smoother 

result (Figure 5). 

 

 
 

Figure 5: Noise reduction for a signal (AC voltage) using UWT wavelet. 
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Following the tests, we showed that the sensorimotor rhythms 

were more obvious on the C3 and CP3 channels for the signals 

corresponding to the imagery of the right-hand movement and 

the C4 and CP4 channels for the signals recorded during the 

imagery of the left-hand movement. Therefore, we applied the 

multiresolution UWT analysis only for these channels. 

Considering that the frequency of the recorded EEG signal is 

between 0–128 Hz, and the spectrum of the mu rhythm is 

between 8 and 12 Hz and for the beta rhythm between 12 and 30 

Hz, it is necessary to decompose the wavelet multiresolution up 

to level 4. After the first decomposition level the EEG signal is 

decomposed into the high frequency detail coefficient D1 (64–

128 Hz) and the low frequency approximation coefficient A1 

(0–64 Hz). At the next level the coefficient A1 is decomposed in 

turn into the coefficient of detail D2 (32–64 Hz) and the 

approximation coefficient A2 (0–32 Hz). Following this 

procedure, D3 (16–32 Hz), A3 (0–16 Hz), D4 (8–16 Hz) and A4 

(0–8 Hz) are also obtained. Figure 6 shows the use of the UWT 

transform, direct and inverse for two levels of decomposition. 

 

 
 

Figure 6: UWT transform, direct and inverse for two levels of decomposition, 

one-dimensional case. 

 

Because the resolution of UWT decompositions decreases 

simultaneously with the increase in the decomposition level, we 

chose a maximum of 4 levels of multiresolution analysis. UWT 
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analysis provides very good results for reducing noise and signal 

artifacts allowing more efficient processing. Figure 7 shows the 

multiresolution analysis mode using UWT for EEG signal. 

 

 
 

Figure 7: Multiresolution UWT decomposition for EEG signal. 

 

Analysis Using the Coefficient of Determination r2  

 

The analysis is based on the calculation of the coefficient of 

determination r2 and on the visual inspection of the EEG 

spectrum. r2 is the square of the correlation coefficient and 

represents the coefficient of determination between the two 

parameters that form Pearson’s correlation coefficient r. These 

parameters being the covariance of the series and the product of 

their standard deviations. 
 

The statistical index r2 has values between 0 and 1 and can be 

considered as an index that shows how different two signals are 

(at a certain frequency/channel). The difference between the 

signals can be explained by the fact that they come from 

different sources (in our case they correspond to different tasks, 
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motor imagery and relaxation). A value of r2 close to 1 indicates 

a good discrimination of sensorimotor rhythms. The coefficient r 

is calculated as follows 
 

r =
∑ (xi−X̅)(yi−Y̅)n

i=1

√∑ (xi−X̅)2 n
i=1  √∑ (yi−Y̅)2n

i=1

                                                     (2) 

 

where X = x1, x2, …, xn and Y = y1, y2, ….., yn are the measured 

values, and 𝑋 ̅, �̅� are the sampling averages of the respective 

series. 
 

After each training paradigm, the acquired signals are analyzed 

to decide whether or not they were recorded correctly in terms of 

MI sensorimotor discrimination. Figure 8 shows the values of 

the coefficient of determination calculated for the signal 

corresponding to MI of the movement of the left hand vs. 

relaxation, and Figure 9 presents the values for the coefficient of 

determination calculated for the signal corresponding to the MI 

of the movement of the right hand vs. relaxation. 
 

 
 

 
 
Figure 8: Coefficient of determination calculated for the signal corresponding 

to MI of the left hand vs. relaxation. 
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Figure 9: Coefficient of determination calculated for the signal corresponding 

to the MI of the right hand vs. relaxation. 

 

The channels of interest in the case of motor imagery of the left 

hand are C4, CP4 and P4; for the signals recorded by us the best 

value of r2 was obtained on the C4 channel, and the best values 

are obtained on channels of interest, CP4 and C4. It is also 

observed that the highest value of r2 was about 0.45. 

 

For the right hand, it is observed that we obtained higher values 

for r2 on channels 1 (CP3), 3 (P3) and 4 (C3) in the frequency 

range 14–22 Hz. On these channels, the maximum value of r2 

was about 0.3. 

 

Analyzing the signals from all subjects in this way, we prepared 

Table 1. For the article in Table 1, we present the results for 5 

subjects (relevant summary). This table provides information for 

45 subjects (in full form) because they only discriminated the 

sensorimotor rhythms from the 60 who performed the 

experiment. Table 1 contains information on the frequency of 
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occurrence of MI sensorimotor rhythms and the corresponding 

channels, as well as the maximum value of the statistical index 

r2. 
 

Table 1: Information about the subject in different repetitive stages. 

 

Subject S Imagery 

/Motion 

Frequency 

(Hz)                                       

Location Max r2 Channel 

St 1 Right/Left 15–24/15–

20 Hz 

CP3, P3, 

C3/CP4, C4 

0.321 (CP3)/0.499 

(CP4) 

St 2 

St 3 

St 4 

St 5 

Right/Left 

Right/Left 

Right/Left 

Right/Left 

18–22/20–

22 Hz 

12–22/14–

20 Hz 

18–22/12–

20 Hz 

8–10/18–20 

Hz 

CP3, P3/C4 

CP3, C3, 

P3/CP4, C4 

P3, Pz, 

CP3/CP4, C4 

P3, P4/CP4 

0.256 (CP3)/0.218 

(CP4) 

0.332 (CP3)/0.360 

(P4) 

0.450 (P3)/0.360 

(CP4) 

0.231 (P4)/0.268 

(CP4) 

 

At this stage the acquisition of EEG signals is presented. 

Acquiring signals is a very important step, even decisive, in 

terms of success and results of the next stages, requiring 

significant resources of time and volunteers willing to perform 

experiments. The research on the acquired data is much more 

efficient, knowing all the details and conditions in which the 

recordings were made but also the opinions of the volunteers and 

their statements about the experiment and whether or not they 

managed to imagery their movement, this being a no just easy to 

do. A small, viable database containing EEG signals was 

recorded during MI hand movement from 45 subjects. This 

database contains both drive signals (32 in number) and test 

signals (13 in number), which is quite rare in databases available 

on the Internet. An important contribution is the realization of 

one’s own calculation code of the coefficient of determination 

and the obtaining of clearer results and higher values of r2 with 

it. 

 

Proposed Method for Extracting Characteristics Using ICA 

Together with r2  

 

The proposed method for extracting features from EEG signals 

is based on the method Independent Component Analysis (ICA) 
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and the coefficient of determination r2 and involves the 

following steps: 

 

- one recording made during training is imported; 

- the signals corresponding to the motor imagery movement 
of the right hand, the left hand and relaxation are extracted; 

- each signal (relaxation or motor imagery movement of the 
right or left hand) is converted into the frequency domain 
using the power spectral density; 

- filter each signal (motor imagery of the movement of the 
hand right/left and relaxation) with a wavelet UWT; 

- the coefficient of determination (according to the method 
proposed in the previous paragraph) is calculated for the 
filtered signal corresponding to the motor imagery load of 
the right/left hand versus the filtered signal corresponding to 
relaxation; 

- graphical display of results according to frequency and 
channels; 

- the ICA algorithm is applied, which is based on the Second-
Order Blind Identification (SOBI) algorithm, for all three 
signals, in order to estimate the mixing matrix and the 
sources; 

- the columns of the source matrix are normalized; 

- the norms of the columns of the mixing matrix are 
calculated; 

- these columns are ordered in descending order according to 
the corresponding norms; 

- the first three columns of the mixing matrix are retained and 
the rest are equal to zero; 

- the signal is reconstructed after the first three sources; 

- the coefficient of determination is calculated for the 
reconstructed signals after the application of the ICA 
corresponding to the imagery tasks of the right/left hand 
movement versus the reconstructed signal corresponding to 
the relaxation; 

- graphical display of results according to frequency and 
channels. 

 

The method was implemented in the LabVIEW software 

environment. 
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Classification of Motor Imagery Tasks from EEG Signals  

 

For the classification of motor imagery task from EEG waves, 

we propose a hybrid neuronal network RBF based on RNN to 

which we add an additional MLP layer to increase performance. 

 

Radial Function Based (RBF) Neuronal Network  

 

Neural networks with radial transfer functions, also called type 

networks “RBF” (“Radial Basis Functions”), are considered 

universal approximators and consist of a number of N input 

units, K units on the hidden layer and M output units. These 

networks differ from the multilevel feedforward ones by the 

integration and transfer functions specific to the hidden level. 

A unit k on the hidden level produces a signal 𝑢𝑘 corresponding 

to an input signal X, given by the relation 

 

𝑦𝑘 = 𝑔𝑘(‖𝑋 − 𝐶𝑘‖)                                                                  (3) 

 

where 𝐶𝑘 = (𝑐𝑘1, … . , 𝑐𝑘𝑁) is the vector of the weights of the 

connections to the unit hidden k, also called its center or 

prototype. Thus, the function of the integration associated with 

the hidden unit is based on the calculation of a distance between 

the input vector and the corresponding center. 

 

Euclidean distance is the most commonly used and is given by 

the relationship 

 

‖𝑋 − 𝐶𝑘‖
2

= ∑ (𝑥𝑗 − 𝑐𝑘𝑗)
2𝑁

𝑖=1                                                  (4) 

 

Transfer functions are characterized by radial symmetry and 

have locality property, i.e., they produce significant values not 

only for small values of the argument but for large values 

tending to zero. The usual transfer functions are Gaussian or 

Cauchy. The network produces an output vector Y ∈ RM that 

has the components 

 

𝑦𝑖
2 = ∑ (𝑤𝑖𝑘𝑐𝑘‖𝑋 − 𝐶𝑘‖) − 𝑤𝑖0

𝑁
𝑖=1                                           (5) 
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where 𝑊 = (𝑤𝑖𝑘)𝑖=1,𝑁̅̅ ̅̅ ̅,𝑘=0,𝐾̅̅ ̅̅ ̅ is the matrix of the weights of the 

connections between the hidden and the output level. If the input 

data range is covered by the receptive fields of the units on the 

hidden layer, then a good behavior of the network will be 

obtained. RBF networks are universal approximators, the quality 

of the approximation depending on the number of hidden units. 

 

For example, 4 neurons in the output layer are needed to classify 

4 classes of EEG signals (Figure 10). 

 

 
 
Figure 10: RBF neural network architecture used to classify EEG signals. 

 

The EEG signals shown in Figures 11 and 12 were used to train 

and test the RBF neural network. Figure 10 shows the EEG 

signals related to MI left hand, and Figure 11 highlights the 

signals related to the MI right hand. 
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Figure 11: EEG signals associated with MI left hand used for RBF training 

and testing. 

 

 
 

Figure 12: EEG signals associated with MI right hand used for RBF training 

and testing. 

 

Deep Neuronal Network  

 

To see the separability of the classes, various architectures of 

deep neural networks were used. As previously mentioned, the 

features provided as input data consist of the correlations 
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extracted with the ICA and r2 algorithms. Thus, the networks 

were tested with a number of hidden layers ranging from 1 to 7. 

Additionally, the number of neurons on each layer varied 

between 8 and 256 (more precisely, 8, 16, 32, 128, 256 neurons 

per layer were used). The activations tested were sigmoid, tanh 

and arctan. They were used due to the fact that they are known 

to have good results, especially for class problems [48,49], but 

also for estimation problems [50]. 

 

Results with activation functions that deny components’ 

negatives (e.g., ReLU, Leaky ReLU) were not used in this paper 

because they provided random responses (an accuracy of around 

50%). One possible reason for this is the phenomenon called 

dying ReLU. It refers to the fact that if too many weights take 

values below 0 the activation result will be 0, so data 

discrimination becomes impossible. 

 

The optimization technique used was Stochastic Gradient 

Descent (SGD). This algorithm is used in the field of deep 

neural networks and generally provides satisfactory results [51–

54]. The proposed method is a simple one from GD (Gradient 

Descent) in the sense that, instead of calculating the gradient for 

the whole lot at each iteration, the gradient is calculated only for 

a randomly chosen value from the lot. Therefore, the learning 

process is stochastic and depends on these chosen values. In this 

way, it is desired that Equation (6) for GD behave relatively 

similarly to Equation (7) for SGD, having the advantage of a 

much smaller calculation volume 

𝑤𝑡+1 = 𝑤𝑡 − 𝜂
1

𝑛
∑ ∇𝑤ℒ(𝑧𝑖 , 𝑤𝑡)𝑛

𝑖=1                                            (6) 

𝑤𝑡+1 = 𝑤𝑡 − 𝜂∇𝑤ℒ(𝑧𝑡 , 𝑤𝑡).                                                     (7) 

 

In these formulas, z refers to the pair (x; y), meaning the input 

value (associated output value) and 𝑧𝑡 is the pair chosen at time 

t. 

 

 

 



Prime Archives in Sensors: 2nd Edition 

24                                                                                www.videleaf.com 

Results  
Denoising Using Wavelet UWT  
 

The denoising, multiresolution decomposition and 

reconstruction was tested with all the orders of the Daubechies, 

Coiflet, Symlets and Haar wavelets, but the most suitable for 

highlighting the desynchronization of the sensorimotor rhythms, 

in the case of the acquired signals, proved to be the Haar 

function, following visual analysis of the waveforms. 

Multiresolution wavelet analysis was applied on channels C3, 

CP3, C4 and CP4. The sub-component signals that are 

represented below are the ones of interest: the fourth order detail 

coefficient with the frequency 8–16 Hz and the third order detail 

coefficient with the 16–32 Hz frequency. 

 

In Figure 13, the desynchronization of the sensorimotor rhythms 

are shown, which in our case represented a decrease in the 

amplitude of the signal corresponding to the motor imagery 

towards the signal corresponding to relaxation. For example, if 

the fourth order detail coefficient (corresponding to MI the left 

hand movement versus relaxation on the C4 channel) is chosen, 

then, in Figure 13, the desynchronization is observed: in the 8–9 

Hz and 12–13 Hz frequency bands; at 10–11 Hz in the second 

graph; at 10 Hz and 12–13 Hz when the decomposition is 

performed with the Haar wavelet (where there is a very good 

increase in the amplitude of the signal corresponding to 

relaxation compared to the corresponding signal imagery 

movement). 

 

 
 

Figure 13: The detail coefficient of order 4 for the signal corresponding to 

motor imagery of the movement of the left hand and for the signal recorded 

during relaxation: 8–9 Hz (a), 10–11 Hz (b), 12–13 Hz (c), using Haar 

function. 
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The wavelet transform favors the detection of sensorimotor 

rhythms that can be used for a brain–computer interface used by 

people with neuromotor deficiencies but with the state of the 

central nervous system and the visual analyzer in good 

condition. With the help of multiresolution decomposition and 

reconstruction on four levels, the signal can be analyzed in the 

frequency bands 8–16 Hz and 16–32 Hz, which is very useful 

because the sensorimotor rhythms have frequencies in these 

intervals. 

 

In this method, the feature matrix is formed using the 

multiresolution decomposition performed only with the Haar 

wavelet. The classification is made for the three channels C3, 

CP3 and P3, corresponding to the motor imagery of the right 

hand and C4, CP4 and P4, corresponding to the motor imagery 

of the left hand. 

 

Proposed Method for Extracting Characteristics Using 

ICA Together with r2 Algorithms  
 

The filtering results are displayed using the coefficient of 

determination in Figure 14. Higher values of r2 can be observed 

on channels CP3, C3 and P3 in the frequency band 15–22 Hz for 

the task of imagery of the right hand, and for imagery of the left 

hand on the channels C4 and CP4 at 15–22 Hz. 

 

 
 

Figure 14: Determination coefficient calculated for the filtered signal. 
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The coefficients of determination obtained after the signal 

reconstruction after the application of ICA are represented in 

Figure 15. It can be seen that after applying the ICA, in the case 

of imagery of the right hand, the highest values of r2 are for 

channels C3, Cz and CP3 in the 22–27 Hz frequency band, 

corresponding to the beta rhythm. For the signal corresponding 

to the motor imagery of the left hand, the highest values of r2 are 

obtained for channel C4 at the frequency of 22–27 Hz. 

 

 
 

Figure 15: Coefficient of determination calculated for the reconstructed signal 

after the ICA has been applied. 

 

Neuronal Network  
 

Because of the database, we used a batch size of value 1 (only 

one example was evaluated for updating the parameters). In 

addition, to ensure that all architectures were tested under the 

same conditions, the number of epochs was always 100. The 

tests were performed in two stages. 

 

In the first stage, the database was divided into two: the training 

part with a size of 350 and the test part with a size of 39, 

equivalent to a division of 90% and 10%. During training, the 

purpose of the network is to determine the weights that allocate 

the ideal labels to the input values. The data that the network 

learns are called the training batch. To test the possibility of 

generalizing the found function, some values are kept separate 

(called the test batch) and passed through the network. If the 
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results are good, we can say that the network has learned and is 

able to classify the new data. 

 

At this stage, different deep neural network architectures were 

tested. During the tests, the hyperparameters of the system were 

modified. More precisely, we experimented with various values 

for the number of neurons, the layer, and various activation 

functions—tanh, arctan and sigmoid. The three activation 

functions were chosen because they have an S shape, which 

increases the separability of the input data. The neural 

architecture tested for the tanh function had five layers and 16 

neurons per layer, and the best cost recorded on the test was 0.32 

with an accuracy of 90.18%. The results obtained for the tanh 

activation function are presented in Table 2. 

 
Table 2: The results obtained for the tanh activation function. 

 
Number of  

Neurons  

Training Testing 

Cost Accurac

y 

Cost Accuracy 

8 0.57 75.57 0.35 87.05 

16 0.58 72.00 0.32 90.18 

32 0.58 73.29 0.46 88.62 

64 0.56 74.56 0.34 87.18 

128 0.54 74.23 0.38 85.65 

256 0.55 75.83 0.38 89.97 

 

The next activation function tested was sigmoid, and the best 

cost on the test batch was 0.35 at an accuracy of 94.65%. It was 

also observed that, with the increase in the number of hidden 

layers and even the number of neurons, the network begins to 

stop learning and gives random results for training data. The 

results obtained for the sigmoid activation function are presented 

in Table 3. 

 
Table 3: The results obtained for the sigmoid activation function. 

 

Number of 

Neurons 

Training Testing 

Cost Accuracy Cost Accuracy 

8 0.51 72.87 0.35 94.65 

16 0.52 74.00 0.38 84.65 

32 0.58 72.89 0.41 84.62 
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64 0.53 74.00 0.38 93.23 

128 0.59 64.25 0.38 82.35 

256 1.55 52.63 0.75 90.17 

 

Next, we tested the activation function arctan. This time the 

number of hidden layers was 1–7, and the number of neurons 

was varied according to Table 4. In this case, the minimum cost 

found on the test batch was 0.31 at an accuracy of 95.67% with 

seven hidden layers and 16 neurons on each layer. The results 

obtained for the arctan activation function are presented in Table 

4. 

 
Table 4: The results obtained for the arctan activation function. 

 

Number of 

Neurons 

Training Testing 

Cost Accuracy Cost Accuracy 

8 0.67 67.87 0.35 95.67 

16 0.67 64.53 0.31 95.37 

32 0.55 72.79 0.31 92.62 

64 0.58 74.31 0.33 88.53 

128 0.52 78.25 0.34 87.38 

256 0.55 71.13 0.35 94.17 

 

The best result was obtained using an architecture with six 

hidden states, eight neurons on each hidden layer, and each layer 

(excluding the output layer, which had softmax) having the 

arctan activation function. The accuracy of classes (in this case, 

on the test group) was 95.67%. 

 

In the second stage, optimization, validation and an increase in 

generalization capacity, the database used in stage one was 

divided into 80% for training and 20% for testing (another test 

was conducting for ordering the datasets into 80% for training, 

10% for validation and 10% for testing) using the SGD 

optimization algorithm. 

 

The algorithms presented in this article were developed in the 

LabVIEW 2020 SP1 programming environment with a 17-inch 

high-performance portable computing system with an Intel 

processor, four cores @ 3.2 GHz, 16 GB DDR3 RAM @ 1600 
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MHz, 256 GB SSD, 1 TB HDD, and high-performance 

dedicated video card, optimized for computer graphics, with task 

motor imagery detection for optimized for computer graphics to 

train and test the MLP–RNN neural network with ICA and r2 

algorithms. 
 

The final part of a deep network is represented by one or more 

fully connected multilayer perceptron (MLP) layers that perform 

the classification part, using as inputs the outputs of the initial 

recurrent part (characteristics automatically extracted by it) 

obtained for each applied signal network input. 
 

The optimizer is the algorithm that decides in which direction 

and how strongly to change the weights in the network. In order 

to adjust the parameters of a network (weights and 

displacements), an optimizer must be used that decides the 

modification strategy according to the gradients obtained with 

the help of the loss function. The algorithm used is Calibrated 

Stochastic Gradient Descent (CSGD). The optimizer requires 

specifying the size of the optimization step, also called the 

learning rate, which in our tests was kept constant at 10−5. 
 

It is, practically speaking, an iterative optimization process that 

aims to reduce the error (respectively the difference between the 

expected output and the one obtained in that iteration) estimated 

using a cost (or loss) function. In this way, those inputs and 

characteristics that are the most relevant for obtaining the 

desired output are enhanced. 
 

This experiment resulted in a classification accuracy of 95.67%, 

recall of 0.96 and micro average F1 score of 0.97. The confusion 

matrix is shown in Table 5 and the classification report is given 

in Table 6. 

 
Table 5: The confusion matrix from MLP–RNN with ICA and r2. 

 

 Predicted Label 

Background 

Noise 

Single MI 

Task 

Two MI 

Tasks 

True 

Label 

Background 

Noise 

1.00 0.00 0.00 

Single MI task 0.00 0.96 0.06 

Two MI tasks 0.00 0.93 0.57 
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Table 6: Classification report for MLP–RNN with ICA and r2. 

 

Classes Precision Recall F1 Score 

Background Noise 1 1 1 

Single MI task 0.99 0.98 0.98 

Two MI tasks 0.98 0.97 0.97 

Average/total 0.98 0.95 0.96 

 

This was to be expected as the cost does not provide information 

on accuracy. The latter is calculated according to the formula 

 

accuracy =
number of cases classified correctly

number of total cases
                             (8) 

 

and the cost function used is binary cross-entropy and behaves 

according to the following law 

 

ℒ = −
1

𝑛
∑ 𝑦𝑖𝑙𝑜𝑔(�̂�) + (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − �̂�)𝑁

𝑖=1                          (9) 

 

In the field of neural networks, there are two phenomena that 

can occur during training: underfitting and overfitting. The first 

refers to when learning is stopped too quickly compared to the 

number of epochs. 

 

Analyzing the results presented in this article, we can say that in 

no variant of the tested architecture was there overfitting. 

However, the rule of saving the model was: keep the one that 

has the lowest cost on the test lot. Thus, all results presented are 

not affected by either underfitting or overfitting. 

 

Table 7 contains the classification rates obtained with hybrid 

RBF MLP–RNN neural network for three channels (C3, CP3, 

P3). Regarding the signals recorded when the subjects 

performed the task of MI of the right hand, it can be mentioned 

that through the implemented hybrid RBF MLP–RNN method, 

good results are obtained for all subjects. The highest 

classification percentage is 95%. Performing arithmetic means 

for all subjects, on each channel and for each method, the 

highest percentage is 93.6% and is obtained with the hybrid RBF 

MLP–RNN for channel P3. 
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Table 7: Hybrid RBF MLP–RNN classifier results for motor imagery right 

hand. 

 

Subject  Right 

hand 

Hybrid NN-

C3 

Hybrid NN-

CP3 

Hybrid NN-

P3 

St 1 Imagery 95% 95% 92% 

St 2 

St 3 

St 4 

St 5 

Imagery 

Imagery 

Imagery 

Imagery 

95% 

91% 

95% 

86% 

86% 

95% 

95% 

95% 

91% 

95% 

95% 

95% 

 

Table 8 contains the classification rates obtained with hybrid 

RBF MLP–RNN for three channels, for subjects performing 

motor imagery left hand tasks. The highest rating obtained is 

95%. Performing arithmetic averages for all subjects, on each 

channel and for each method, the highest percentage is 95% for 

CP4. 

 
Table 8: Hybrid RBF MLP–RNN classifier results for motor imagery left 

hand. 

 
Subject  Left 

Hand 

Hybrid NN-

C4 

Hybrid NN-

CP4 

Hybrid NN-

P4 

St 1 Imagery 91% 95% 95% 

St 2 

St 3 

St 4 

St 5 

Imagery  

Imagery  

Imagery 

Imagery 

91% 

95% 

95% 

95% 

95% 

95% 

95% 

95% 

91% 

95% 

91% 

95% 

 

In order to increase the degree of generalization and to obtain 

much better results in the classification of EEG signals, through 

the use of neural networks, a much larger database with signals 

is needed in order to ensure sufficient data in the training of the 

network. In other words, the neural network provides better 

answers if it is sufficiently well trained and if the learning data 

follow a certain pattern, for each class involved. 

 

Development Virtual Drone  
 

Using the obtained results, a virtual drone (3D avatar simulation) 

was controlled with the help of acquired brain waves and 

analyzed with the proposed algorithm. Based on inertial XYZ-

world coordinates of the drone’s center of mass and Euler 
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rotation angles (roll rotation about x axis, pitch rotation about y 

axis and yaw rotation about z axis) obtained by a mathematical 

model, and in accordance with the simulated model, we also 

developed a 3D animation of the behavior of the drone in 

LabVIEW 3D animation as presented in Figure 16. 

 

 
 
Figure 16: 3D animation of the behavior of the drone in LabVIEW 3D 

animation. 

 

To create a BCI connection between the developed EEG sensors 

(acquisition headset) and the virtual avatar quadcopter, we used 

the developed software interface based on motor imagery tasks, 

capturing the EEG signals from the BCI headset and turning 

them into computer commands. We trained four distinguished 

mental tasks, one for each direction in which we proposed to use 

the virtual quadcopter. 

 

Figure 17 shows the acquired EEG signals specific to the sensors 

used: C3, CP3 and P3, corresponding to the motor imagery of 

the right hand and C4, CP4 and P4, corresponding to the motor 

imagery of the left hand. 
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Figure 17: EEG signals used: C3, CP3 and P3, corresponding to the motor 

imagery of the right hand and C4, CP4 and P4, corresponding to the motor 

imagery of the left hand. 
 

Figure 18a–d shows the BCI simulation results for the virtual 

quadcopter. 
 

 
 

(a) 

 
 

(b) 
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(c) 
 

 
 

(d) 
 

Figure 18: BCI simulation results for the virtual quadcopter; (a) start position, 

(b) activate drone, (c) move to left and (d) move to right. 

 

The control of an aerial drone through biopotentials is an 

important point in the development of robotic systems. In 

robotics, human–robot interaction is seen with the most interest, 

especially in medical applications, dedicated to people with 

disabilities and for increasing low cognitive performance. 

 

The brain–computer interface is a relatively new and reliable 

technology that can play an important role in various fields. 

Through this research, we proposed an unconventional method 

of controlling a drone directly by brain signals obtained by a 

BCI system. To achieve the proposed goal, we developed a 

mathematical model and we simulated the operation in the 

MATLAB-LabVIEW virtual development environment for the 

virtual quadcopter and the proposed BCI architecture. We 

developed a 3D animation of the behavior of the avatar 

quadcopter in the LabVIEW environment based on the presented 

algorithms. The application in its current form can be used in the 
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medical field for the recovery of patients with various 

neurological disorders, for increasing low cognitive performance 

and increasing the drone driving skills of military personnel. 

 

Discussion  
Comparison between Classifiers Used for BCI and Our 

Method  
 

In order to be able to compare the results of the classifiers used 

in this study, we made the graphs in Figures 19 and 20 

corresponding to the subjects performing tasks of motor imagery 

of the right hand and tasks of motor imagery of the left hand, 

respectively. In Figure 18, it can be observed that most of the 

maximum values of the classification, of 94%, are obtained with 

the LDA classifier based on ICA, but, also with this classifier, 

for six situations, the lowest values of the classification are 

obtained. From here we can conclude that this method is quite 

sensitive to being used for the implementation of a brain–

computer interface. Moreover, 95.67% is obtained when using 

the hybrid RBF MLP–RNN classifier in two situations. With 

this classification method, very good results are obtained for 

most subjects. Quite good results, for all subjects, are also 

obtained with the LDA-based normalized feature matrix. It is 

observed that for most subjects, higher classification rates are 

obtained with the proposed method. 

 

 
 

Figure 19: Graphical representation of results with all classification methods 

used for subjects performing the task of motor imagery of the right hand. 
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In Figure 20, it is observed that the maximum classification rates 

of 95.6% (five subjects), are also obtained with the LDA 

classifier based on the ICA method. However, the most 

minimum classification rates (five subjects) are obtained with 

the same classification method. Stable classification methods, 

with which good results are obtained for all subjects, are the 

hybrid RBF MLP–RNN and LDA, which use features from 

multiresolution decomposition. 

 

 
 

Figure 20: Graphical representation of the results with all classification 

methods used for subjects performing the task of motor imagery of the left 

hand. 

 

In conclusion, the safest, most accurate classifier with which to 

obtain the highest classification rates higher than those obtained 

with the traditional classifiers used in BCI, is the hybrid RBF 

MLP–RNN classifier proposed in the article. The highest rating 

rate obtained with this classifier is 95.67%. Although most of the 

maximum results of 94% are obtained with the LDA classifier 

based on the ICA method, the weakest results are also obtained 

with it. This classifier is very unstable and of very poor 

accuracy. Another classifier with which the lowest results are 

obtained, a proportion of approximately 30% of the total 

subjects, is the classifier that uses k-nearest neighbors algorithm( 

k-NN). 
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Limitation and Future Works. The combined analysis of this 

study gave us a pool of subjects and a unique opportunity to 

study the learning effect across training sessions. However, there 

were only three training sessions for each subject. We did see 

some significant changes in behavioral performance such as the 

improvement in statistical analysis, and other trends of 

neurophysiological results including the increase in de-

synchronization/synchronization (ERD/ERS) lateralization for 

right-hand tasks, although they were not statistically significant. 

It is not clear yet when the change in behavioral performance 

might saturate and when significant changes in 

neurophysiological characteristics such as the r2 value, whether 

ERD lateralization might emerge and saturate in this study. In 

addition, the session interval for each participant varied between 

1 day to 2 weeks due to scheduling conflicts for a large number 

of subjects. This might introduce an extra variance to the result. 

In the future, it is worth conducting a study that consists of more 

BCI sessions in a large number of subjects with more 

controllable session intervals. Furthermore, other metrics might 

help to explore the change in data distribution within and across 

the sessions, and this might extract some additional information 

that may help to optimize the experiment in the future. 

 

Conclusions  
 

This article presents and deals with the three components of the 

brain–computer interface: the acquisition of signals, the 

processing of these signals and the control of an external device. 

Computer control is performed with the algorithm proposed in 

the article during recording test signals when subjects control a 

virtual drone on a computer monitor just by motor imagery of 

the movement of a hand. The acquisition of EEG signals and 

their processing was, instead, the main concern. 

 

In conclusion, in the article, we propose some new ideas: using 

the programming languages LabVIEW and MATLAB, we 

demonstrate that the proposed algorithms give remarkable 

performances using the UWT algorithm for noise reduction and 

multiresolution analysis and the reconstruction of EEG signals; 

we propose a method for extracting the features of EEG signals, 
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which uses ICA and the coefficient of determination r2; to 

achieve the classification of motor imagery loads from EEG 

signals purchased, we propose a hybrid neural network classifier 

based on the RBF network and MLP–RNN network. The 

maximum classification rate obtained by this method is 95.67%. 

Continuing with the implementation of classification methods, 

the performance of the LDA classifier that uses features 

extracted using multiresolution wavelet analysis and ICA is 

analyzed. The maximum classification rate obtained by this 

method is 91%, and the maximum average for all subjects is 

about 80%, compared to 95.67% obtained with the proposed 

hybrid RBF MLP–RNN hybrid applying the extraction of 

features using the ICA and r2 algorithm. 
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