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A significant number of stroke patients suffer from movement disability and the numbers are 

increasing annually. The Brain Computer Interface (BCI) science enables solutions for the 

paralyzed patients based on the location and reason of paralysis. In the experiment, we focused 

on the algorithms to extract the commands in the Electroencephalogram (EEG) for movement 

disabilities and recording the EEG signal with a non-invasive method. 

One of the most challenging issue for the non-invasive method is filtering the contaminated 

EEG signal to extract the brain commands. To overcome noise effects, several mathematical 

approaches have been developed. In this study, three algorithms are implemented to detect the 

brain’s movement patterns based on the EEG signal processing techniques. 

The first concept for feature extraction of the imaginary patterns is finding the direction of the 

features by eigenvalues and gaining them based on number of repetitions. This concept is 

informative to identify the event-based potentials, named as Filter Bank Common Spatial 

Pattern (FBCSP) features with the weighting Discrimination-Sensitive Learning Vector 

Quantization (DSLVQ) algorithm. The features are selected and classified by several improved 

versions and combinations of the SVM, RBF methods. The second concept for feature 

extraction is self-similarity, in which obtained by wavelet packet with a customized-ERD 

mother wavelet and Detrended Fluctuation Analysis (DFA). The wavelet packet and DFA 

algorithms check the self-similarities based on a pattern and correlation, respectively. The third 

concept for feature extraction is the chaotic behaviour of the brain during imaginary 

movements. In the algorithm, the chaotic feature is Chaotic Approximation of LLE (CALLE) 

using the Chaotic Tug of War Optimization (CTWO) method. 

In the experiment, a task regarding the BCI competition is designed. Eighteen candidates 

participated in the EEG experiment for controlling of a bionic hand and a mobile vehicle BCI 

applications. 

The results are based on the accuracy and paired t-test that shows the precision of the methods 

and the how much are they significant. Results in the experiments showed that the first method, 

the FBCSP with the DSLVQ algorithm with the combination of the SMSVM-GRBF classifier, 

achieved the average accuracy of 78.03% with the paired t-test P < 0.05. The second method, 

which is the Wavelet-DFA with ERD mother wavelet algorithm achieved the best average 

accuracy of 85.33% with paired t-test p<0.001 among the implemented methods. The third 

feature algorithm is based on the CALLE features and the CTWO optimizer that achieved 

68.25% accuracy with paired t-test P < 0.05, which is 10.48% higher in comparison to the 

traditional LLE feature. 

From the results, it is concluded that the Wavelet-DFA with the ERD mother wavelet generates 

distinctive features and the SMSVM classifier with the GRBF kernel achieves significant 

results. The best method has ability of finding more complicated movements and integrating 
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with the real-time systems towards mimicking human movements, controlling prosthetics and 

computers that can be operating by thought alone.  

Keywords: Electroencephalogram (EEG), Common Spatial Pattern (CSP), Wavelet, Real-time 

control, Largest Lyapunov Exponent 
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1 Introduction 

1.1 Brain Physiology 

The brain is one of the most sophisticated and large organs in the human body. Brain area is 

divided into two hemispheres and four main lobes as follows: 1) the frontal lobe, 2) the parietal 

lobe, 3) the temporal lobe and 4) the occipital lobe. The left hemisphere controls the right part 

of human body and right hemisphere controls the left part of the body. The brain contains 

more than 100 billion nerve cells and consumes 20% of oxygen and blood permanently. The 

nerve cells perform communication with trillions of connections in the four lobes that named 

synapses. Each lobe has different responsibilities, as shown in Figure 1 and defined follows 

[1]: 

Frontal lobe: argumentation, decision making, problem solving, emotion regulation, 

personality creation, initiation of movement, voluntary body movement, transformation of 

thoughts into words and any entailed speech. 

Parietal lobe: sensory perception (taste, touch, temperature, pain), comprehension of speech 

or audio, perception and recognition, orientation, and body movement. 

Temporal lobe: in audio and music processing, comprehension of the intensity and frequency 

of music and the meaning lyrics (speech, memory formation and recall). 

Occipital lobe: recognition and identifying of objects is involved in visual processing. 

Figure 1: Brain lobes and the functionalities. 

1.1.1 The brain’s neuron functionalities 

Neurons cells are a small part of the Central Nervous System (CNS), Figure 2. Neuron cells 

generate and transferring information from one nerve cell to the other cells in the CNS. In 



Introduction 16 

general, neurons are consisting of a cell body, dendrites and axons. The cell body has two 

parts, the nucleus and the cytoplasm, which is separated with a membrane. The cell’s nucleus 

communicates with environment through membrane channels to transfer 𝑁𝑎+ and 𝐾+. By 

transferring the two elements from the related channels in the membrane, the inner cell’s 

membrane concentration changes and then generates electrical signals. The generated signals 

transfer through dendrites to sub-dendrites, and then end at the axons. Axons transfer signals 

from one cell to the other cells. Axons are covered and isolated by a myelin lipid, which 

engenders a higher speed of signal travel [1]. 

 

 

Figure 2: Brain’s neural network and signal transferring. 

 

None of the generated signals are capable of being transferred. Only generated signals that 

have over 75 𝜇𝑣 amplitude have the potential to travel through axons. The electrical signals 

with amplitude above this 75 𝜇𝑣 threshold are called action potentials. Action potentials are 

signals that carry out informative information of an action such as movement, watching, 

reminding, etc. Action potentials are interpreted in the following five stages: 

1) opening 𝑁𝑎+ channels and entering 𝑁𝑎+ to the cells; 2) opening 𝐾+channels and 

transferring 𝐾+out of cells; 3) 𝑁𝑎+channels become resistant and 𝑁𝑎+ceases to enter cells; 4) 

𝐾+still leaving cells and causes membrane potential to return to the resting potential; 5) 

Closing 𝐾+channels and 𝑁𝑎+channels rest. Also, the whole procedure is interpreted in three 

stages of depolarization (stages 1 and 2), repolarization (stages 3 and 4) and resting or 

Hyperpolarization (stage 5). The action potentials are usually generated and transfer fewer 

than 400 ms. We investigate the primary sensor motor cortex, which is located at the center of 

the brain (Figure 3). The neurons in this location generate movement signals [1].  
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Figure 3: Evoked potential pattern. 

1.1.2 Record brain neuron activities: 

In order to recording brain waves, invasive and non-invasive methods were developed as 

shows in Figure 5. For the invasive method, sensors or electrodes are implanted intracranially. 

The invasive method is based on the recordings from ensembles of single brain cells or 

multiple neurons’ activities [1]. In this method, signals are of high quality but needs surgery 

and the procedure is painful and expensive. This approach is used only for specific mental 

problems or scientific investigations. In the non-invasive method, electrodes are placed on the 

skull and an EEG signal is recorded. The non-invasive method is inexpensive and entails risks 

than the invasive method. One important problem with the non-invasive method is the low 

amplitude of the recorded EEG signals. To solve this problem, filters and several neural 

decoding algorithms have been developed. Electrodes are placed in accordance with 

developed standards such as 10-50, 10-10 and 10-20 systems. Depends on the electrode 

density and aims different standards are employed. For example, in high density EEG 

recording, the 10-5 10-10 standard is normal and for low-density EEG recording, 10-20 is 

suitable. For the 10-20 standard, skull circumference is measured just above the ears (T3 and 

T4), just above the bridge of the nose (at Fpz), and just above the occipital point (at Oz). The 

Fp2, f8, T4, T6, and O2 electrodes are placed at intervals of 10%, 20%, 20%, 20%, 20% and 

10%, respectively, measured above the right ear from front (Fpz) to back (Oz). The same is 

done for the odd-numbered electrodes on the left side, to complete the full circumference. In 

the 10-10 standard, distribution of channels is 10% instead of 20%. It depends on the number 

of electrodes and the density of electrodes necessary to cover a specific area one method is 

selected [2,3]. In our experiment, we used the non-invasive EEG recording method with 32 

distributed electrodes based on the 10-20 standard as shown in Figure 4. 
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Figure 4: Enobio32 EEG amplifier and the sensors. 

Brain Computer Interface (BCI) is a science with the aim of yielding more convenience in life. 

The BCI studies based on the bio-signal processing are very impressive for paralyzed patients. 

Some of bio-signals are recorded using EEG, Electromyogram (EMG) and Electrooculogram 

(EOG) devices. The BCI applications based on the EEG signal processing are critically 

important, because the human commands are generated in brain [4].  

1.1.3 Brain control robot for rehabilitation 

The BCI technology is a powerful communication tool between users and systems. It does not 

require any external devices or muscle intervention to issue commands in order to complete the 

interaction. There exists a plethora of BCI applications in medicine, neuro-ergonomics, smart 

environments, neuro marketing, advertisements, educational and self-regulation, games, 

security, and authentication. The brain post stroke patients are divided into upper limb and 

lower limb paralyzed. The hand is one of the most important upper limb human body parts for 

carrying out physical activities and maintaining daily life (Figure 5). Although in all humans, 

the movement of hands and fingers is similar, the strength differs primarily due to age, diseases 

and physical conditions (Figure 6). The hand movements may be semi- or fully paralyzed due 

to various conditions such as post-stroke paralysis or other physical accidents. Many stroke 

survivors suffer hemiparesis of the upper arm, which affects the hand motor predominantly 

(Figure 6). In another case, aging also significantly reduces the strength of the human hand in 

grabbing, holding, pinching, and the ability to maintain a steady posture. Aging is a natural 

phenomenon, thus the loss of physical strength is an irreversible process. In the two cases of 

post-stroke paralysis and aging, the effect of hand dysfunction is troublesome, as is shown in 

Figure 6. In order to address these cases, modern technology has developed various tools and 

techniques, among which are body exoskeletons. One successful research center belongs to 

Honda team, Honda Research Institute in Saitama, that mimic the human hand movement. Also, 

the ASIMO humanoid robot is designed by the same group as shown in Figure 6. Therefore, 

the ones who suffers post stroke disabilities and/or aging problems, the BCI is a suitable 

solution for them to drive a vehicle for a daily life as shown in Figure 5 and Figure 6. 
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Figure 5 Different EEG recording for rehabilitation applications. 

 

 

Figure 6 The implemented BCI applications for aging and brain stroke, bionic hand and exoskeleton. 

 

Our main objective of the EE-based BCI project is to implement an algorithm capable of 

automatic detection of the user’s thinking of intention to move for the rehabilitation robot control. 

The development work includes: 1) the decoding of the brain signals from the 

electroencephalography (EEG) data (collected from a wearable cap with electrodes); 2) 

classification and mapping of data to identify hand movement commands; and 3) transmission 

of commands to the bionic hand for holding objects, such as a cup. 
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1.1.4 Background  

A complete procedure for automatic detection of a patterns is implemented in four steps as 

follows: pre-processing, feature extraction, feature selection and classification. The pre-

processing step consists of filtering with different techniques and signal segmentation. The 

feature extraction step consists of algorithms, which are the reflect of the properties of the signal 

and must be distinctive. The feature selection step consists of selecting meaningful features and 

removing noise or highly noisy features. The classification algorithms consist of methods for 

decision making between features for the new input data. 

five main human senses are utilized to stimulate the brain and relative neuron’s reflection patterns 

are recorded via EEG signals such as visionary [5], auditory [6] or olfaction [7] stimulations. In 

our research, the aim movement patterns are named as the Event Related Desynchronization 

(ERD) and Event Related Synchronization (ERS) patterns. The ERD is determined with a 

negative amplitude before a real or imaginary movement occurs. The ERS is a positive amplitude 

immediately after the ERD [8]. The ERD patterns are our aim patters for detecting movements 

in rehabilitation robot control applications [9,10]. Relative pattern detection is important for 

diagnosing mental problems, for example, in one recent study, the event related potentials were 

well used for early diagnosing and treatment of children who have hearing disabilities [10].  

In order to detect patients’ movements, computational algorithms have been developed to seek 

out the movement patterns in the EEG and using them for a bionic hand and foot movement. For 

identifying the specific patterns, the location of the activated neural networks and the frequency 

range of neural networks is also critically important for a specific task. In order to extract features, 

several methods have been introduced. Based on the recent studies on lower limb pattern 

detection, many features are extracted such as the ERD power spectral (ERDPS) with mechanical 

elements [1], functional brain topography and ERDPS [11,12], amplitude modulations and 

ERDPS [13], time-frequency decomposition and computing the amplitudinal differences 

between two states of walking and standing in different frequencies [14], and time-domain partial 

Granger causality [15]. The C3 location is a known place for recording the EEG signal for right 

hand movement in the frequency range of 8-13 and 16-24 Hz. Several methods have been 

implemented for identifying the movement patterns and imaginary movement patterns for control 

of a bionic hand such as Discrete Wavelet Transform (DWT) [16,17], Common Spatial pattern 

(CSP) [18] and chaotic features [19]. The main problem with the methods is the low amplitude 

of the EEG signal, which is contaminated by noise. Therefore, powerful, features and classifiers 

play an important role. The other solution is using the other bio-signals consequently such as 

EMG and EEG. In one recent study, a new feature is extracted, which is based on the correlation 

between band-limited power time-courses associated with the EEG and EMG [20]. The results 

in [20] are based on the new features show significant improvement.  

One method for extracting features is the DWT, which is based on the self-similarity concept. 

Self-similarity means one part of a signal is similar to the other part of that signal. The DWT has 

the advantage of accessing the localized information in time-frequency space that enables 

informative feature extraction. The time-frequency space enable access to the time when a 

frequency exists. The core of the DWT is a pre-defined mother wavelet, which plays an important 

role in such processes as Daubechies (Db) [21] and Mexican Hat [22]. In the wavelet, mother 

wavelet used as an aim pattern that the similar patterns should be find in a data. In order to add 

flexibility to the DWT, the Discrete Wavelet Packet Transform (DWPT) is introduced, in which 

we add a combination of the mother wavelet with different frequencies to the algorithm. The 
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DWPT algorithm required scale (frequency), level (shifting) and a mother wavelet. The level is 

the number of times that a signal needs to be decomposed to reach the aim frequency sampling 

and the scale\detail is the achieved components in the specified frequency range. For example, 

for a signal with 100 Hz frequency sampling, the scale is three to land in the 0 to 12.50 Hz range. 

Different methods are developed to apply more flexibility to the mother wavelets for finding 

customized mother wavelet. For example, to separate fetal phonocardiography from mother 

phonocardiography, one mother wavelet and one daughter wavelet is defined that inherits the 

mother wavelet properties with more specifications [23]. In another method, flexibility is applied 

by an evolutionary algorithm to optimize the predefined mother wavelets for identifying epilepsy 

seizures [24]. The main limitation of the wavelet is using pre-defined mother wavelets for the 

EEG-base applications. We proposed an algorithm to utilize customized mother wavelets based 

on the movement patterns in the DWPT for individual subjects.   

 

The next utilized feature is based on the self-similarity property. The Detrended Fluctuation 

Analysis (DFA) [25] has been used for different applications such as bio-signal processing [26], 

economics [27] and geophysics [28]. The DFA computations are useful for predicting the long-

term correlation in a signal [29]. The DFA is not dependent on a mother wavelet, which is the 

advantage of the DFA method. Recently, a combination of wavelet with the DFA method is 

implemented for quantifying the self-similarity property in nonlinear systems [30].  

 

One method for computing discriminative features is data mapping. The Common Spatial 

Pattern (CSP) is a powerful method for mapping data and classifying two classes’ features. 

Because the real data is noisy, some pre-processing is necessary before the CSP computations. 

For denoising the EEG signal, several types of the CSP-based algorithms have been 

implemented [31-40]. For example, in one successful research study, a filter bank with different 

frequency ranges was utilized to clear the data, then the CSP was applied, and mutual 

information was then utilized to remove the noise-based features from the feature space [32,33]. 

Chaotic features are impressive algorithms for nonlinear systems identifications. Different types 

of chaotic features are presented such as fractal dimensions [41,42], recurrence plots [43] and 

the Largest Lyapunov Exponent (LLE) [41]. The LLE is a useful approach for detecting mental 

disorders [44] and identifying movement patterns from the EEG signals [45]. Because of the 

constant values for computing the LLE, we interested to improve it by finding the optimized 

values for the rehabilitation application. The recent developed chaotic optimizer algorithm is 

named as the Chaotic Tug of War Optimization method (CTWO) is employed in rehabilitation 

control robot application.  

 

In the first step of our study, a filter bank with different frequencies was utilized, then the CSP 

was applied. The Distinction Sensitive Learning Vector Quantization (DSLVQ) method is 

utilized to compute discriminative weights for reducing the effects of noise-based features. The 

noise-based features are then removed using feature selection algorithms as follows: 1- Kernel 

Linear Discriminant Analysis (KLDA); and 2- Kernel Principal Analysis (KPCA). The utilized 

kernel in the KLDA\KPCA was a Generalized Radial Basis Function (GRBF) algorithm 

[41,42]. The extracted and selected features are then classified intelligent algorithms such as 

Neural Network (NN), Support vector Machine (SVM), Radial Basis Function (RBF), deep 

learning and K-nearest neighbor (KNN). Finally, the best algorithm is identified using Repeated 

and Measures ANOVA and Post-hoc with the Tukey correction test. 
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The second step for the imaginary detection is using the ERD as a mother wavelet in the DWPT. 

The aim frequency bands are decomposed using the DWPT method and then the DFA features 

are extracted. The third feature is the Chaotic Approximation LLE (CALLE) using the CTWO. 

Finally, the extracted CALLE features are classified, and the best algorithm is announced. Also, 

the feature changes between the two states and accuracies are evaluated statistically by paired 

t-test and Repeated and Measures ANOVA statistical methods.

1.2 Research Problem 

There is high motivation to study on controlling bionic robots, which can help the paralyzed 

patients back to the normal life. In order to control a bionic hand, different bio-signals are 

employed such as EMG, EOG and EEG. The main challenge is overcoming the noise effects, 

feature extraction and classification. To denoise the bio-signals, different methods have been 

implemented that improved the detection, but they are not sufficiently impressive. As a partial 

presented solution, we are interested in using different nonlinear features to find the best and 

fast methods to control bionic robots. In the present research chaotic, self-similarity and 

mapping data concepts are employed to find the ERD patterns for controlling robots. 

RP1: a combination of discrete wavelet packet transforms with detrended fluctuation analysis 

using a customized mother wavelet with the aim of an imagery-motor control interface for an 

exoskeleton. 

RP2: Common spatial pattern combined with kernel linear discriminate and generalized radial 

basis function for motor imagery-based brain computer interface applications. 

RP3: Optimized Mother Wavelet in a Combination of Wavelet Packet with Detrended 

Fluctuation Analysis for Controlling a Remote Vehicle with Imagery Movement: A Brain 

Computer Interface Study. 

RP4: EEG Control of a Bionic Hand with Imagination Based on Chaotic Approximation of the 

Largest Lyapunov Exponent: A Single Trial BCI Application Study 

1.3 Motivation 

The target patients for the present research is the ones who are known as a movement disable 

after a brain stroke. The brain stroke ruins the human nerve systems for sending signals. 

Therefore, the EEG signal from the brain is the only source to find the brain commands. The 

aim is to record an EEG signal for the purpose of controlling a bionic hand based on imaginary 

movement as a BCI application. The key points for solving the mathematical algorithms are 

computing impressive features and accurate classifications. In the current investigation, 

advanced nonlinear algorithms are employed for feature extraction and the best combination of 

the classifiers are selected. In the future, more applications are ready to be tested with the 

implemented algorithms. 

1.4 1.3 Research Methods and Restrictions 

For automatic detection of imaginary movement patterns, an algorithm with five main parts is 

implemented as follows: 1) Recording of the EEG signal based on a pre-designed task; 2) signal 

pre-processing; 3) features extraction; 4) feature selection; and 5) classification. In general, the 
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task is used for displaying pictures for imaginations and recoding the EEG signal while pictures, 

3D videos or games are presented. Subjects are required to obey the explained regulations. The 

pre-processing part explains methods for removing noise from the signal and preparing data for 

further processing. The feature extraction part explains methods for computing coefficients that 

reflect the imaginary movements in the brain. Feature selection is the algorithms that are used 

for removing irrelevant features. The classification part explains methods for training and testing 

a classifier to categorize the feature values automatically. Statistical evaluations are used to find 

out which algorithm is significantly accurate. 

1.5 Thesis Contribution 

The contribution of the thesis is computing informative features based on the wavelet, CSP and 

LLE algorithms and then categorize them by a classifier for controlling a bionic hand robot and 

a mobile vehicle. In the wavelet algorithm, the ERDs of the individual subjects are computed 

and then utilized as a mother wavelet in the DWPT. Then, the DFA algorithm is applied on the 

DWPT components to extract features. The second extracted feature is the CSP algorithm, 

which is weighted by the DSLVQ approach for better noise removal utilizing the KLDA and 

KPCA feature selection algorithms. The third feature is the CALLE using the CTWO algorithm. 

Finally, the selected features are classified by employing the Soft Margin Support Vector 

Machine algorithm (SMSVM). The significance of the extracted features and finding of the best 

algorithm is then considered by the statistical analysis paired t-test [46] and Repeated and 

Measures ANOVA [47] using Post-hoc with the Tukey correction test [48]. The proposed 

features and classifiers are then used for real-time systems and accuracy and time costs are 

considered. 
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2 Mathematical methods and Experimental setup 

In rehabilitation robots control, robots will be employed to provide home services for stroke-

paralyzed patients. For instance, carrying a bottle of water with a bionic hand, driving a car, and 

using a home care robot (Nao6 robot). These technologies help patients to feel normal and back 

to their normal life. The BCI-based technologies use patients’ bio-signals to extract related 

information from the human body and send commands to the robots. Some bio-signals are EEG, 

electrocardiogram (ECG), EMG, Electroretinogram (ERG), Electrooculogram (EOG), etc. 

Because we are focusing on brain stroke patients, EEG is the area we focused on.  

 

In this study, the target population is the stroke patients with disabilities preventing them from 

using their muscles to move redundant as limbs include arms or legs. Therefore, the 

investigation focuses on decoding imaginary hand movement EEG signals. Here, two BCI 

applications are employed for controlling a bionic hand and a mobile vehicle. The generated 

imaginary movement patterns are like the real hand movement patterns in the EEG signals. The 

difference is smaller amplitude in imaginary patterns. Real hand movement patterns are a 

combination of two smaller patterns, namely Event Related Desynchronization (ERD) and 

Event Related Synchronization (ERS). ERD is the first pattern to appear in the EEG signals 

after deciding to move a limp hand (Figure 7). The ERS is the second pattern, which appears 

immediately after the ERD appears, and simultaneously, the target limb moves (Figure 7). 

Several mathematical methods are developed to decode neuronal activities. Different methods 

are implemented to extract the ERD and predict the imaginary movements from the EEG signals 

such as the CSP-based [16] and Wavelet [18] methods. 

2.1 Pre-processing 

In order to prepare data for feature extraction and classification, the raw EEG data has to be pre-

processed. The pre-processing phase includes filtering, segmenting and finding the best channels 

for post-processing. For this purpose, the EEG is segmented from 400 ms before displaying 

pictures (visual stimulation) to 2500 ms after displaying pictures, which is a signal with 2900 ms 

width. The second step for pre-processing is forming a matrix for filtering and further processing. 

Therefore, a matrix of [Trial × samples × Channels] is formed. The third step for the pre-

processing is filtering the EEG data and selecting the informative frequency ranges. In the present 

study, six frequency bands are selected as follows: 8-12 Hz, 12-16 Hz, 16-20 Hz, 20-24 Hz, 24-

28 Hz, 28-32 Hz. Then, the best frequencies are utilized based on the evaluations such as the 

Welch power estimation, power spectrograph, amplitudes and accuracy results. The final selected 

frequency bands are 8-12 Hz and 12-16 Hz. In the processing, a frequency band with the 8-15 

Hz frequency edge is employed for the feature extraction.  

2.2 Customized Mother Wavelet and the DWPT-DFA 

In the following sections, extracted DFA features based on the customized mother wavelet 

method are described. 
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2.2.1 Event Related Desynchronization (ERD) 

ERDs are the primary patterns to detect and predict the body’s movements through the EEG 

signal. In this experiment, 150 trials of imaginary right-hand movement and no movements are 

displayed. The zero index in Figure 7 is the location where imaginary pictures are displayed. 

Therefore, the ERDs’ waves are extracted from the EEG signals by segmenting, forming and 

filtering the EEG signal in the defined 3D matrix in the pre-processing part. The EEG 

segmentation grew from 200 ms before displaying the pictures to 2500 ms after displaying the 

pictures. An average function is then applied across the imaginary and non-imaginary trials 

individually. A sample of achieved ERD is depicted in Section 0, Figure 29 and Figure 30, in 

which the ERD\ERS complex appeared from 800 ms to 1200 ms after visionary stimulation. 

  

 

Figure 7: A sample of ERD and ERS. 

2.2.2 Wavelet  

Fast Fourier Transform (FFT) and wavelet algorithms extract properties of time series signals. 

The difference between the two techniques is that the wavelet has access to the correspondence 

between time and frequency domains. Also, the wavelet uses a mother wavelet for quantifying 

the self-similarity concept. The wavelet is a useful tool for decomposing a signal into its 

components before filtering takes place. From a mathematical point of view, the wavelet 

function uses a convolution function between the defined mother wavelet and the decomposed 

signals (determined frequency band) for considering the self-similarity in feature extraction. 

Based on the range of the frequency bands and applications, Continuous Wavelet Transform 

(CWT), DWT or DWPT is employed. By definition, the CWT is suitable for high frequency 

signal decomposition, the DWT is suitable for low frequency signal decomposition and DWPT 

is suitable for low and high frequency signal decomposition as shown in Figure 8. Despite, the 

DWPT has the property of utilizing a different combination of mother wavelets with different 

frequencies. One wavelet limitation in EEG-based investigations is utilizing a predefined 

mother wavelet, which is not effective for the identification. Because the mother wavelet for 

individual subjects is different. Therefore, the predefined mother wavelets are not useful for 

detecting the imaginary patterns in the EEG such as Daubechies [22] and Mexican Hat [23]. 

Some recently developed mother wavelets for nonlinear systems are presented in detecting 

multifractal patterns [49] and self-similarity quantifying evaluation in bio-signal processing 

[50] studies. Therefore, developing an algorithm to compute the patterns as a mother wavelet 

and replacing them automatically is an advantage. The main formula for the wavelet is the 

CWT, which is presented in the P-I in detail. The DWT is the discrete format of the CWT.  
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In the P-I and P-III studies, the mother wavelet patterns are computed based on the achieved 

ERD patterns and then replaced with the predefined mother wavelets in the DWPT for 

individual subjects. Then, the DWPT uses different frequencies of the mother wavelet, which 

adds higher complexity and improvements in results. Decomposing the EEG signals with the 

DWPT, high- and low-level components are computed as shown in Figure 8 and placed together 

to generate a time series signal that is used for extracting the DFA features in the next part. 

 

Figure 8: wavelet packet transforms decomposing. 

2.2.3 Detrended Fluctuation Analysis (DFA) 

The DFA approach is known for quantifying the self-similarity of a time series signal based on 

the long-term correlation method. In order to compute the DFA, an integration of the obtained 

signal - from juxtaposing the decomposed coefficients through the DWPT - is calculated 

(referring to P-I publication). Then, the computations are presented as follows in the following 

given order [51]: 

I- Divide the input signal, 

II- Fit a line on the time series points by the least square error method, 

III- Detrend the signal, 

IV- Compute the mean square error for forming a logarithmic diagram, 

V- Compute an envelope (𝑆(𝑛) ∝ 𝑛𝛼) for fitting the logarithmic diagram. 

The obtained 𝛼 for the envelope is the DFA that shows different states of the input signal, which 

is categorized as follows: 

1) If the obtained DFA value is between 0 < β < 0.5 it is counted as long-term anti-correlation. 

2) If the obtained DFA value is β > 0.5, then it is counted as long-term correlation. 

3) If the obtained DFA value is β = 0.5, then it is counted as white noise. White noise means 

the signal has all range of frequencies with no repetitive pattern. 
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4) If the obtained DFA value is β = 1, then it is counted as 
1

𝑓
 noise. The 

1

𝑓
 noise is a process with 

a frequency spectrum such that the power spectral density is inversely proportional to 

the frequency of the signal. 

5) If the obtained DFA value is β = 1.5, then it is counted as Brownian noise. Brownian pattern 

is spectral density that inversely proportional to f2. It means more energy at lower frequencies. 

The extracted DWPT-DFA features are then fed into the classifiers for classification. Beside 

the DWPT-DFA, the CSP feature is utilized separately, which is based on a new projection 

space. Then the obtained values from DWPT-DFA and CSP with the labels are utilized for 

classifying and the results are presented separately. 

2.3 Weighted CSP features using the DSLVQ method with KLDA feature 

selection 

In the following sections, the CSP features, which are extracted and weighted by the DSLVQ, 

are presented. Follow up with the KLDA algorithm for selecting features.  

2.3.1 Common Spatial Pattern 

The CSP is a projection algorithm to change the projection of the features to be more distinctive.  

Eigen values provide information about the direction of the data by eigen values that are 

accessible via covariance computations. The CSPs increase the difference between features by 

increasing variance for one class and decreasing them for the other class. Therefore, by 

changing the covariance, the projected data is changed and is prepared for feature extraction. 

The CSP limitations are sensitive to noise and useable for two classes of processing [52]. The 

complete computations are available in the P-II.  

2.3.2 Distinction Sensitive Learning Vector Quantization 

The DSLVQ is the improved version of the Learning Vector Quantization (LVQ) method [53, 

54]. The LVQ method’s aim is to first distribute values in a multi-dimension feature space [55, 

56], and then allocate coefficient weights to the features for increasing or decreasing the 

influence of the extracted features. The importance of the features is specified by the number 

of repetitions in a range. If a value in a range is repeated several times, then a small coefficient 

is allocated to the feature and vice versa. If a different value appears in the range, then a large 

value is allocated to the feature value to increase its influence. Additionally, with regard to the 

importance evaluation of the data, the LVQ is modified in three steps as follows: 1) computing 

the weights based on a training algorithm, which is based on Euclidian distance; 2) preparing a 

vector of weights based on the training algorithm for each feature value; 3) employing an 

iterative algorithm for optimizing the vector of coefficients and computing a scalar value for 

each feature. The disadvantage of the DSLVQ is that the contaminated data by a high level of 

noise generates fault coefficients that reduce the accuracy of classifiers. The mathematical 

computations are presented in detains in P-II. The optimized features are then selected by the 

KLDA feature selection algorithm in the following description. 



Nomenclature 29 

2.3.3 Kernel Linear Discriminant Analysis 

Because real data is contaminated by noise, feature selection algorithms play an important role 

in the precision of the classifiers. The KLDA is a flexible kernel-based feature selection of the 

LDA algorithm that obtained higher accuracy [57-59]. In the present procedure, the GRBF is 

employed for better data separation by increasing the feature space dimension, and then the 

Linear Discriminant Analysis (LDA) is applied to select the features for classification. 

Complete mathematical computations are presented in detail in P-II. 

2.4 Chaotic Approximation of the Largest Lyapunov Exponent 

The CALLE is the third type of feature which is used to detect the ERD patterns of the 

imagination movements. In order to compute the CALLE features, first, traditional LLE must 

be reconstructed. Therefore, the Mutual Information (MI) and False Nearest Neighbor (FNN) 

are computed and then the FNN and MI values are updated using the optimizer algorithm named 

CTWO. In the following sections, employed method for computing the CALLE is described.  

2.4.1 Mutual Information 

To compute the CALLE feature, a phase space should be reconstructed, and the EEG signal 

trajectory should grow, in which the MI is the first parameter. The MI requires a time delay 

called ξ in P-IV. For the MI, the two following input values are required: EEG signal and 

constant maximum delay, which is a criterion (max ξ = 10). The detail computations are 

presented in P-IV. The second principal for computing a phase space is the FNN, which is 

presented as follows: 

2.4.2 False Nearest Neighbor 

The embedding dimension is the second important part of reconstructing the phase space, which 

is computed by the FNN approach. The FNN requires two parameters as follows: the EEG 

signal and the constant maximum embedding dimension (n = 3). After computing the MI and 

FNN, two delayed EEG signals were computed, and the signal trajectory grew. The 

computations are presented in detail in P-IV. The next step is computing the LLE feature. 

2.4.3 Largest Lyapunov Exponent 

In order to compute the LLE, the Lyapunov Exponent for the individual EEG segments along 

the EEG trajectory is computed using the MI and FNN parameters. Then, the maximum value 

is revealed as the LLE. The mathematical algorithms are presented in the P-IV. The attained 

LLE (γ), determines the state of the EEG signal in that specific location as follows: 1) if γ > 0, 

chaotic behavior is determined; 2) if γ = 0, the limit cycle is determined; 3) if γ < 0, stable 

behavior is determined. The MI and FNN values are important parameters for computing the 

LLE that are optimized using the CTWO method. 

2.4.4 CHAOTIC TUG OF WAR OPTIMIZATION 

The CTWO is a recent optimization algorithm, which is used for optimizing the design of 

laterally supported castellated beams as a physical application [60]. The CTWO algorithm is 
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designed via the following steps: 1) selecting the random samples as a team for searching (Eq. 

(3) in P-IV); 2) weighting the teams (Eq. (4) in P-IV); 3) competition between teams and 

updating by Eq. (8) in P-IV; 4) a new generation of the candidates are selected based on Eq. (7) 

in P-IV; 5) ending the algorithm criteria, which are based on the cost function and the number 

of iterations [61]. Eq. (8) in CTWO (in P-IV) is the updating formula of Eq. (5) in TWO, P-IV. 

Eq. (8) includes factors based on chaotic maps that are explained as follows. 

2.4.4.1 CHAOTIC MAPS 

Chaotic optimization algorithms use chaotic variables for searching in a range of data with 

properties of non-repetition and ergodicity. The ergodicity property means that the collected 

random values of a process must represent the average statistical properties of the entire process 

[62]. The chaotic variable is generated from 12 chaotic maps for computing fitness function 

factors for higher speed processing that are presented in P-IV and for mathematical descriptions 

please refer to [63]. 

2.4.4.2 CTWO Validation 

In order to validate the CTWO algorithm, 10 benchmark functions are employed for computing 

the cost function, which are presented in Table 2 P-IV. The comparison is performed between 

four optimization methods, namely genetic algorithm, particle swarm optimization, basic tug-

of-war optimization, and CTWO. 

2.5 Classifiers 

Several methods have been developed to classify features, such as, Neural Network (NN), K-

Nearest Neighbor (K-NN), Support Vector Machine (SVM), Radial Basis Function (RBF), 

LDA, Deep Belief Learning (DBL), etc. The NN is a popular method for classifying, which 

needs training.  

2.5.1 Neural Network 

Forward NN is a type of NN that does not have feedback for adjusting the weights in the neurons 

of the NN in different layers. The MLP is the FNN approach with a feedback (back propagation) 

for updating the neuron weights in the training procedure to attain more accurate results. One 

method for preparing the input data for training and testing the NN with the backpropagation is 

K-fold approach. K-fold is useful when the number of features is limited. In the K-fold 

procedure, features are separated in equal K-folds. Then, the folds are used for training and 

testing the NN. In the present study, the NN with back propagation updating technique is 

utilized. The NN has 210 features for input, which is 75% feature data; two hidden layers with 

10 and 15 neurons for the first and second layers, obtained experimentally; selecting 15 random 

features for cross validation; and selecting 55 random features for the testing procedure. In our 

experiment, the number of neurons in the hidden layers are selected by test and try. 

2.5.2 K-Nearest Neighbor 

The K-NN classifier is based on the Euclidean distance and number of votes given to the 

number of neighbors (K-th) which are around the new data. The results are then evaluated based 
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on the accuracy values. In general, the new data belongs to any classes in which the K-th data 

belongs. For example, k = 3 means the three nearest neighbors around the new data, if two of 

them belong to the first class and one to the second class, then the classifier votes the new data 

(labelled) as the first class. In our experiment, the value for K in the KNN is obtained K = 1. In 

this experiment, the best results are achieved when the features are placed in 10 folds equally. 

In the procedure, nine folds are used for training and one is used for randomly testing that 

repeated for 10 times.  

2.5.3 Generalized Radial Bases Function 

The GRBF is a flexible version of the RBF function, which is obtained by a parameterizing 

shape, with the width and center of a gaussian function in the RBF. Computations are presented 

in detail in the P-II. Based on the calculations, if the τ parameter obtained two, the gaussian 

shape is the traditional gaussian and if the τ parameter changes to one, then the result is the 

Laplacian shape as shown in Figure 9 and Figure 10, which shows the flexibility of the GRBF 

in comparison with the RBF. The GRBF is utilized as a kernel of the LDA feature selection and 

the SMSVM classifier. 

 

Figure 9: The attained generalized Gaussian distribution model for 10 different τ values (center = 2, w = 1). 
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Figure 10: The attained GRBF model for 10 different τ values (center = 2, w = 1). 

2.5.4 Support Vector Machine  

SVM is a supervised binary classifier in which the decision-making performance is based on 

some samples called support vectors (SVs). The average distance between the maximized SVs 

from the two classes is the decision line, Figure 11 . The SVM method has the ability of 

integrating with the other kernels such as the polynomial and RBF function. Kernels in the 

SVM increase the feature space dimension for the purpose of obtaining less complication. The 

SVM decision boundary is then applied on the feature space with higher dimension [64, 75]. 

The selected kernel for this project is the Generalized RBF (GRBF), which is parameterized by 

three free parameters for width, center and shape of the gaussian function. The SVM algorithm 

has two limitations of use for two classes and it is not efficient for high number of features. 

Therefore, a Lagrange theorem is applied to the numerous features to select some efficient 

features, given that the method is named the SMSVM [66]. In the present research, the SMSVM 

computations are presented in the P-II. 

 

Figure 11: SVM classifier and SV roles and decision boundary 
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2.5.5 Statistical Evaluations 

In order to analyze feature values, accuracies, paired t-test, a Repeated Measures ANOVA and 

Post-hoc with Tukey correction test is employed. The accuracy approach is useful for 

considering the efficiency of the classifiers. Accuracy computations is based on the True 

Negative (TN), True Positive (TP), False Negative (FN), and FP parameters that are defended 

as follows: TN is the true condition, which is classified incorrectly; TP is the true condition, 

which is classified correctly; FP is the false condition, which is classified correctly; and FN is 

the false condition, which is classified incorrectly [67]. In the statistical analysis, normality or 

non-normality data distribution plays a critical role. If data is distributed normally, parametric 

methods such as t-test and Repeated Measures ANOVA are used and if data is not distributed 

normally, non-parametric methods such as Wilcoxon Signed Rank is utilized [68]. In the 

present study, because the normality of the EEG is not guaranteed; in the computations, the 

EEG data is normalized between zero and one. Then the paired t-test is utilized to find out if 

the extracted features are changed significantly. It is necessary to find the best method based 

on the evaluated accuracies. The solution for finding the best method is the Repeated and 

Measures ANOVA in follow-ups with the Post-hoc using the Tukey correction. 

2.5.6 Experimental Setup 

In order to record the EEG signal, based on the aims, a task is designed. In the presented study, 

the aim is to record the brain’s responses to the imaginary hand and foot movements and detect 

the patterns automatically among the EEG background. The EEG background is the 

brainwaves, which are generated normally without specific stimulation. In the experiment, 18 

male right-handed subjects from different nationalities participated with an average age of 29.5 

years old. The task schematic is depicted in Figure 12 and presented in the following order: 1) 

displaying a black screen with a white ‘+’ sign at the center to attract the subject’s attention for 

500 ms; 2) displaying sketch of a red-coloured right hand for 500 ms (Figure 13); 3) the pictures 

disappear and a black screen is shown for imaging the right hand fisting for 2500 ms; 4) resting 

for 3500 ms to 4000 ms randomly. Then the cycle is repeated for 150 trials. In some 

experiments, we displayed a real picture of subjects and more trials are also used, which are 

mentioned in the papers. The task was used to control a bionic hand and a mobile vehicle 

(Figure 13 and Figure 14, respectively). The mobile vehicle is connected to a computer for 

command communications utilizing the Bluetooth XBEE chipset. In the real-time application, 

a flow of the EEG signals are fed to detection algorithm and the features are extracted and the 

movement comment is sent to the BCI applications as shown in Figure 13 and Figure 14. The 

feedback of the BCI applications are provided by the human vision results. Individual subjects 

have their own training. The task is designed with the Matlab 2016 software and the EEG 

amplifier was the ENOBIO32. 

For real-time practicing, the same task is presented for 20 cycles; the results are recorded 

visually based on the TF, TP, FN, and FP.  
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Figure 12: Schematic of the implemented experimental setup 

 

 

Figure 13: Imaginary bionic hand control. 
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Figure 14: Imaginary mobile vehicle control. 
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3 Results 

In the Experiments, 18 male subjects participated in the EEG task experiment. Based on the 

computed DFBCSP-DSLVQ features, the KLDA and KPCA feature selections with different 

classifiers are applied. Figure 13 show the quality of the EEG signal before and after filtering 

with an existing ERD. Figure 16 and Figure 17 are the spectrograph and welch power of the 

EEG signal that are utilized for finding the informative frequency bands.                   Figure 18 

to Figure 28  and Figure 32 to Figure 35 give information about the quality of the feature 

scattering, feature selection and selection of the number of SVs for evaluating the classifier 

efficiencies. In order to classify the results, 14 classifiers are utilized such that the accuracy and 

analytical evaluations are presented in                     Table 1 to  

 

                    Table 4 and discussed in the next part. The second type of extracted feature is called 

the CWPT-DFA, which is implemented to identify the ERD patterns automatically that the 

results are presented in Table 5 to Table 8. Figure 29 to Figure 31 are samples of the extracted 

ERDs for 32 channels that helped to find the source of the signal generation (channel FC1, 

neuron activation). Figure 32 to Figure 35 show the scattering of the ERD mother wavelet for 

extracting the CWPT-DFA feature. The classification is applied based on the best identified 

classifier in the previous results. The CWPT-DFA’s efficiency is represented in Table 5 to Table 

8 based on the accuracy and paired t-test. The third type of features extraction is the CALLE 

features with the CTWO optimization method. Figure 36 to Figure 37 show the trajectory of 

the EEG signal in the reconstructed phase space for the 32 channels based on the CALLE and 

traditional LLE methods. To show the CALLE effects, trajectories of the traditional LLE and 

CALLE for the selected channels are depicted in Figure 38 and Figure 39 as well as Figure 40 

to Figure 43, respectively. Finally, the ALLE features are classified using the best identified 

classifier from the previous parts and the results are presented in Table 9 and           Table 10.  

Figure 15: Recorded and filtered EEG data for the imaginary fisting and lack of fisting for the CP5 channel. 
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Figure 16: The 8-12 Hz, 12-16 Hz and 16-20 Hz frequency band’s Welch power spectral estimation and STFT for 

the imaginary hand movement in channel C3. The maximum amplitude is the feature of reference for finding the 

most informative frequency bands. Channel C3 is one of the informative locations for computations such that the 

power intensities for different frequency bands are depicted as follows: for the 8-12 Hz, 12-16 Hz and 16-20 Hz 

frequency bands attained, the power levels are -7.44 dB/Hz and -17.68 dB/Hz and -20.33 dB/Hz, respectively. 

 

 

Figure 17: The 8-12 Hz, 12-16 Hz and 16-20 Hz frequency band’s Welch power spectral estimation and STFT for 

the imaginary hand movement in channel O1. The maximum amplitude is the considered feature for finding the 

most informative frequency bands. Channel O1 is one of the most irrelevant locations for computations that the 

power levels for different frequency bands are depicted as follows: for the 8-12 Hz, 12-16 Hz and 16-20 Hz 

frequency bands attained, the powers are -7.44 dB/Hz and -17.68 dB/Hz and -20.33 dB/Hz, respectively. 
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3.1 Results of the FBCSP-DSLVQ, KLDA feature selection and different 

classifiers 

 
                    Table 1. Accuracy results of the 14 methods based on the BCI Competition III- dataset IVa, 118 channels. 

Cases Methods 
Subject 

aa 

Subject 

al 

Subject 

av 

Subject 

aw 

Subject 

ay 

Average 

Accuracy 

Case 

1 
DFBCSP-DSLVQ-SMSVM-

GRBF 
93.5% 98.57% 81.78% 93.57% 96.07% 92.70% 

Case 

2 
DFBCSP-DSLVQ-SVM-

GRBF 
90.05% 95.01% 60.77% 80.80% 84.31% 82.19% 

Case 

3 
DFBCSP-DSLVQ-SMSVM-

RBF 
83.21% 96.07% 52.14% 78.93% 89.64% 80.00% 

Case 

4 
DFBCSP-DSLVQ-SVM-

RBF 
85.70% 96.40% 56.40% 81.40% 83.60% 80.70% 

Case 

5 
DFBCSP-DSLVQ-KLDA-

SMSVM-GRBF 
88.57% 97.50% 73.57% 82.14% 85.00% 85.36% 

Case 

6 
DFBCSP-DSLVQ-KLDA-

SVM-GRBF 
88.73% 93.31% 65.00% 83.90% 89.56% 81.01% 

Case 

7 
DFBCSP-DSLVQ-KLDA-

SMSVM-RBF 
86.78% 96.07% 57.14% 75.35% 80.71% 79.21% 

Case 

8 
DFBCSP-DSLVQ-KLDA-

SVM-RBF 
79.83% 89.45% 55.68% 77.01% 80.34% 76.42% 

Case 

9 
DFBCSP-DSLVQ-KPCA-

SMSVM-GRBF 
76.78% 95.71% 52.50% 53.21% 72.85% 70.21% 

Case 

10 
DFBCSP-DSLVQ-KPCA-

SVM-GRBF 
85.00% 83.21% 51.78% 69.28% 75.00% 72.85% 

Case 

11 
DFBCSP-DSLVQ-KPCA-

SMSVM-RBF 
80.35% 90.35% 50.71% 78.57% 78.92% 75.78% 

Case 

12 
DFBCSP-DSLVQ-KPCA-

SVM-RBF 
85.35% 88.57% 52.14% 63.21% 79.64% 73.78% 

Case 

13 
DFBCSP-DSLVQ-KNN 87.50% 96.78% 49.64% 77.50% 85.35% 79.35% 

Case 

14 
DFBCSP-DSLVQ-NN 71.43% 78.42% 64.29% 72.30% 50.00% 67.28% 

 

 

            Table 2. Accuracy results of the 14 methods based on the nine subject's EEG using the ENOBIO32, 32 channels. 

Cas

es 
S1 S2 S3 S4 S5 S6 S7 S8 S9 

Aver

age 

Accu

racy 

Cas

e 1 
78.66

% 

71.33

% 

70.00

% 

71.66

% 

76.00

% 

74.66

% 

86.66

% 

98.00

% 

75.33

% 

78.03

% 

Cas

e 2 
58.00

% 

62.00

% 

58.33

% 

56.66

% 

55.66

% 

64.00

% 

70.66

% 

68.00

% 

68.00

% 

62.73

% 

Cas

e 3 
57.33

% 

68.00

% 

54.00

% 

58.66

% 

50.66

% 

72.66

% 

76.00

% 

96.66

% 

72.66

% 

67.67

% 
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Cas

e 4 
47.33

% 

60.00

% 

50.00

% 

52.66

% 

51.60

% 

61.33

% 

60.00

% 

95.00

% 

64.60

% 

62.11

% 

Cas

e 5 
62.12

% 

70.56

% 

74.33

% 

68.66

% 

64.66

% 

72.33

% 

80.67

% 

84.86

% 

71.87

% 

71.85

% 

Cas

e 6 
58.66

% 

65.43

% 

67.23

% 

67.56

% 

59.43

% 

69.53

% 

77.34

% 

75.33

% 

65.94

% 

66.89

% 

Cas

e 7 
56.00

% 

68.00

% 

65.33

% 

58.21

% 

54.38

% 

62.10

% 

70.60

% 

74.00

% 

65.31

% 

63.77

% 

Cas

e 8 
58.90

% 

64.11

% 

60.12

% 

53.80

% 

56.00

% 

65.00

% 

75.33

% 

76.66

% 

66.66

% 

64.06

% 

Cas

e 9 
58.80

% 

66.50

% 

70.33

% 

63.33

% 

59.34

% 

69.34

% 

78.66

% 

72.00

% 

64.66

% 

60.99

% 

Cas

e 

10 

53.00

% 

63.00

% 

68.33

% 

58.00

% 

41.33

% 

65.33

% 

64.00

% 

50.00

% 

62.66

% 

58.40

% 

Cas

e 

11 

55.55

% 

58.55

% 

62.00

% 

60.50

% 

50.66

% 

65.33

% 

62.00

% 

67.33

% 

56.55

% 

59.83

% 

Cas

e 

12 

53.00

% 

55.00

% 

66.00

% 

58.00

% 

50.50

% 

60.43

% 

66.00

% 

56.33

% 

51.50

% 

57.41

% 

Cas

e 

13 

58.00

% 

60.00

% 

66.00

% 

61.00

% 

58.00

% 

69.91

% 

58.43

% 

77.70

% 

65.30

% 

63.81

% 

Cas

e 

14 

61.00

% 

59.10

% 

60.00

% 

64.79

% 

65.00

% 

67.77

% 

63.43

% 

80.13

% 

67.67

% 

64.68

% 

 

 

               Table 3. Minimum and maximum accuracy, robustness (variation) of each method and average number  

                of the SVs in the SVM-based classifiers for the BCI Competition III, dataset IVa. 

Cases Methods 
Min. 

Accuracy 

Max. 

Accuracy 
Robustness 

Average 

Number of 

Svs 

Case 1 
DFBCSP-DSLVQ-SMSVM-

GRBF 
81.78% 98.57% 83.21% 33 

Case 2 DFBCSP-DSLVQ-SVM-GRBF 60.77% 95.01% 65.76% 207 

Case 3 
DFBCSP-DSLVQ-SMSVM-

RBF 
52.14% 96.07 % 56.07% 53 

Case 4 

[30] 
DFBCSP-DSLVQ-SVM-RBF 56.40% 96.40% 60.00% 98 

Case 5 
DFBCSP-DSLVQ-KLDA-

SMSVM-GRBF 
62.50% 96.78% 76.07% 47 

Case 6 
DFBCSP-DSLVQ-KLDA-

SVM-GRBF 
65.00% 93.31% 71.69% 252 
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Case 7 
DFBCSP-DSLVQ-KLDA-

SMSVM-RBF 
57.14% 96.07% 61.07% 93 

Case 8 
DFBCSP-DSLVQ-KLDA-

SVM-RBF 
55.68% 89.45% 66.23% 122 

Case 9 
DFBCSP-DSLVQ-KPCA-

SMSVM-GRBF 
52.50 % 95.71% 56.79% 63 

Case 10 
DFBCSP-DSLVQ-KPCA-SVM-

GRBF 
51.78% 85.00% 66.78% 71 

Case 11 
DFBCSP-DSLVQ-KPCA-

SMSVM-RBF 
50.71% 90.35% 60.36% 61 

Case 12 
DFBCSP-DSLVQ-KPCA-SVM-

RBF 
52.14 % 88.57% 63.57% 143 

Case 13 DFBCSP-DSLVQ-KNN 49.64% 96.78% 52.86% - 

Case 14 DFBCSP-DSLVQ-NN 64.29% 78.42% 85.87% - 

 

 

                    Table 4: Minimum and maximum accuracy, robustness (variation) of each method  

                   and average number of the SVs in the SVM-based classifiers based on the ENOBIO 32 data. 

Cases Methods 

Min. 

Accura

cy 

Max. 

Accurac

y 

Robustne

ss 

Average 

Number of 

Svs 

Case 1 
DFBCSP-DSLVQ-SMSVM-

GRBF 

71.66

% 
98.00% 73.66% 77 

Case 2 DFBCSP-DSLVQ-SVM-GRBF 
55.66

% 
70.66% 85.00% 102 

Case 3 DFBCSP-DSLVQ-SMSVM-RBF 
50.66

% 
96.66% 54.00% 90 

Case 4 

[30] 
DFBCSP-DSLVQ-SVM-RBF 

51.60

% 
95.00% 56.60% 121 

Case 5 
DFBCSP-DSLVQ-KLDA-

SMSVM-GRBF 

62.12

% 
84.86% 77.26% 52 

Case 6 
DFBCSP-DSLVQ-KLDA-SVM-

GRBF 

58.66

% 
77.34% 81.32% 160 

Case 7 
DFBCSP-DSLVQ-KLDA-

SMSVM-RBF 

54.38

% 
74.00% 80.38% 80 

Case 8 
DFBCSP-DSLVQ-KLDA-SVM-

RBF 

53.80

% 
76.66% 77.14% 97 

Case 9 
DFBCSP-DSLVQ-KPCA-

SMSVM-GRBF 

58.80 

% 
78.66% 80.14% 78 

Case 

10 

DFBCSP-DSLVQ-KPCA-SVM-

GRBF 

41.33

% 
68.33% 73.00% 91 

Case 

11 

DFBCSP-DSLVQ-KPCA-

SMSVM-RBF 

50.66

% 
67.33% 89.33% 82 

Case 

12 

DFBCSP-DSLVQ-KPCA-SVM-

RBF 

50.50 

% 
66.00% 92.00% 114 

Case 

13 
DFBCSP-DSLVQ-KNN 

58.00

% 
77.70% 80.30% - 

Case 

14 
DFBCSP-DSLVQ-NN 

58.00

% 
80.13% 77.87% - 
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                  Figure 18: The DFBCSP-DSLVQ feature’s scattering without feature selection algorithm 

                  for the subject S5. 

 

 

Figure 19: The DFBCSP-DSLVQ feature’s scattering with the KLDA feature selection 

                     algorithm that improves the separation of the S5 features. 

 

 

Figure 20: The DFBCSP-DSLVQ feature’s scattering with the KPCA feature selection 

                     algorithm that reduces the separation of the S5 features. 
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Figure 21: The DFBCSP-DSLVQ feature’s scattering without the feature selection 

                        algorithms for the subject aa. 

 

 

Figure 22: The DFBCSP-DSLVQ feature’s scattering with the KLDA feature selection 

 algorithm that enhances the separation but with high overlap for the subject aa. 

 

 
Figure 23: The DFBCSP-DSLVQ feature’s scattering of the extracted first row (Feature 1) 

 features versus the last row (Feature 2) features of the DFBCSP-DSLVQ for the subject aa. 

The SVM-RBF classifier (the base method case 4 in Table 1) selected 98 SVs for the  

decision boundary. 
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Figure 24:  The DFBCSP-DSLVQ feature’s scattering of the extracted first row (Feature 1) 

features versus the last row (Feature 2) features of the DFBCSP-DSLVQ for the subject aa. 

  The SVM-GRBF classifier selected 170 SVs for the decision boundary. 

 

Figure 25:  The DFBCSP-DSLVQ features scattering of the extracted first row (Feature 1)  

features versus the last row (Feature 2) features of the DFBCSP-DSLVQ for the subject aa. 

 The SMSVM-RBF classifier selected 53 SVs for the decision boundary. 

 

 

Figure 26:  The DFBCSP-DSLVQ features scattering of the extracted first row (Feature 1) 
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 features versus the last row (Feature 2) features of the DFBCSP-DSLVQ for the subject aa.  

The SMSVM-GRBF classifier selected 33 SVs for the decision boundary. 

 

 

Figure 27: The DFBCSP-DSLVQ with the KLDA feature’s scattering of the extracted  

first row (Feature 1) features versus the last row (Feature 2) features of the DFBCSP- 

DSLVQ for the subject aa. The SMSVM-GRBF classifier selected 47 SVs for  

the decision boundary. 

 

Figure 28: The DFBCSP-DSLVQ with the KPCA features scattering of the extracted 

first row (Feature 1) features versus the last row (Feature 2) features of the DFBCSP- 

DSLVQ for the subject aa. The SMSVM-GRBF classifier selected 47 SVs for the decision  

boundary. 
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3.2 Results of the Wavelet-DFA with the ERD mother wavelet features 

 

Figure 29: ERD extraction for 32 channels 

 



Nomenclature 47 

 

 

Figure 30: ERD of the channel FC1 

 

 

 

 

Figure 31: Scalp map of the brain for three different states. a. before stimulation, b. after non-movement 

imagination, c. after imaginary movement stimulation. 

 

           Table 5. The accuracy results of the SMSVM-GRBF classifier based on the DWPT-DFA with 

           the db4 mother wavelet. 

Subjects Accuracy Number of SVs paired t-Test 

S1 65.00% 220 p<0.05 

S2 64.33% 228 p<0.05 

S3 68.67% 220 p<0.05 

S4 70.66% 180 p<0.05 

S5 67.00% 228 p<0.05 

S6 58.32% 236 p>0.05 

S7 56.33% 246 p>0.05 
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S8 74.67% 190   p<0.006 

S9 74.00% 168   p<0.006 

 

           Table 6. The accuracy results of the SMSVM-GRBF classifier based on the DWPT-DFA with 

           the db8 mother wavelet. 

Subjects Accuracy% Number of SVs paired t-Test 

S1 64.33% 228 p<0.05 

S2 64.32% 220 p>0.05 

S3 65.00% 228 p<0.05 

S4 68.00% 220 p<0.05 

S5 59.33% 240 p>0.05 

S6 61.00% 232 p<0.05 

S7 56.66% 242 p>0.05 

S8 72.67% 188   p<0.006 

S9 73.66% 164   p<0.006 

 

           Table 7. The accuracy results of the SMSVM-GRBF classifier based on the DWPT-DFA with 

           the coif4 mother wavelet. 

Subjects Accuracy Number of SVs paired t-Test 

S1 64.67% 210 p<0.05 

S2 63.33% 210 p<0.05 

S3 66.67% 200 p<0.05 

S4 72.33% 198   p<0.006 

S5 59.00% 238 p>0.05 

S6 60.00% 234 p>0.05 

S7 57.00% 242 p>0.05 

S8 73.00% 188   p<0.006 

S9 73.67% 164   p<0.006 

 

 

 

            Table 8. The accuracy results of the SMSVM-GRBF classifier based on the DWPT-DFA with 

           the ERD mother wavelet. 

Subjects Accuracy% Number of SVs paired t-Test 

S1 69.67% 190 p<0.05 

S2 65.00% 200 p<0.05 

S3 69.00% 200 p<0.05 

S4 73.67% 164 p<0.05 

S5 74.00% 150   p<0.006 

S6 69.00% 200 p<0.05 

S7 65.67% 210 p<0.05 

S8 84.67% 90   p<0.001 

S9 85.33% 98   p<0.001 
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Figure 32: The DWPT-DFA features scattering utilizing the db4 for the subject S8. 

 

 
Figure 33: The DWPT-DFA features scattering utilizing the db8 for the subject S8. 

 
Figure 34: The DWPT-DFA feature’s scattering utilizing the coif4 for the subject S8. 
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Figure 35: The DWPT-DFA feature’s scattering utilizing the ERD for the subject S8. 
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3.3 Results of the CALLE features 

 

Figure 36: The EEG trajectories for the 32 channels based on the traditional FNN and MI  

methods for the phase space reconstruction. 



Results 52 

 

Figure 37: The EEG trajectories for the 32 channels based on the CTWO method 

 and attained new FNN and MI for the phase space reconstruction. 
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Figure 38: The EEG trajectories from the C3 channel based on the traditional LLE. 

 

 

 

Figure 39: The EEG trajectories from the CP5 channel based on the traditional LLE. 
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Figure 40: The attained EEG trajectory from the CP5 channel based on the MI and FNN approaches and the 

CTWO optimizer. 

 

 
Figure 41: The changed projection of the CP5 trajectory in Figure 40. 

 

 

Figure 42: The attained EEG trajectory from the C3 channel based on the MI and FNN approaches and the 

CTWO optimizer. 
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Figure 43: The changed projection of the C3 trajectory in Figure 42. 

 

 

 

 

Table 9: Obtained n-dimensions for the FNN and delay values for the MI to extract the CALLE features. Also, 

efficiency of the features based on the accuracy and paired t-test results are computed. 

Subjects 

Dimension 

for Fisting 

Imagination 

Delay for 

Fisting 

Imagination 

Dimension 

For no 

Imagination 

Delay for 

no fisting 

imagination 

Offline 

Accuracy% 

paired 

t-test 

S1 45 14 32 11 55.66 P>0.05 

S2 48 55 36 96 66.00 P<0.05 

S3 52 55 48 24 70.00 P<0.05 

S4 44 38 6 78 66.00 P<0.05 

S5 24 81 25 43 70.00 P<0.05 

S6 47 52 19 21 70.00 P<0.05 

S7 45 77 33 20 67.33 P<0.05 

S8 9 90 42 7 67.33 P<0.05 

S9 6 45 14 31 70.00 P<0.05 

S10 38 22 38 19 64.67 P<0.05 

S11 33 11 3 5 64.65 P<0.05 

S12 18 13 35 56 64.33 P<0.05 

S13 36 2 19 74 75.00 P<0.05 

S14 7 49 37 47 70.00 P<0.05 

S15 25 97 19 37 65.00 P<0.05 

S16 14 63 2 81 70.00 P<0.05 

S17 13 40 33 86 70.00 P<0.05 

S18 30 70 30 81 70.00 P<0.05 

Average - - - - 68.25 - 
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          Table 10: Obtained n-dimensions for the FNN and delay values for the MI to extract the 

            traditional LLE features. Also, efficiency of the features based on the accuracy and paired 

            t-test results are computed. 

 

Subjects 

Dimension 

for Fisting 

Imagination 

Delay for 

Fisting 

Imagination 

Dimension 

For no 

Imagination 

Delay for 

no fisting 

imagination 

Offline 

Accuracy% 

paired 

t-test 

S1 2 5 2 5 50.00 P>0.05 

S2 1.96 30 1.96 30 55.00 P<0.05 

S3 2 25.60 2 25.50 60.00 P<0.05 

S4 1.94 30 1.94 30 55.00 P<0.05 

S5 2 5 2 5 60.00 P<0.05 

S6 2 5 2 5 60.00 P<0.05 

S7 2 5 2 5 50.00 P<0.05 

S8 2 5 2 5 60.00 P<0.05 

S9 2 5 2 5 60.00 P<0.05 

S10 2 5 2 5 55.00 P<0.05 

S11 2 5.60 2 6.30 55.00 P<0.05 

S12 2 5 2 5 50.00 P<0.05 

S13 2 5 2 5 60.00 P<0.05 

S14 2 5 2 5 60.00 P<0.05 

S15 2 5 2 5 65.00 P<0.05 

S16 2 5 2 5 65.00 P<0.05 

S17 2 5 2 5 60.00 P<0.05 

S18 2 5 2 5 60.00 P<0.05 

Average - - - - 57.77 - 
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4 Discussion 

The thesis presents methods of the BCI applications based on the EEG bio-signal processing 

for rehabilitation applications. The presented applications in our research are control of a bionic 

hand and remote vehicle. In the signal-processing procedure, three different features are 

extracted and classified by the SVM. The features are the CWPT-DFA with customized mother 

wavelet, weighted CSP by DSLVQ, and CALLE. The results were evaluated with accuracy and 

paired t-test statistical analysis. Among the three features, the DWPT with the ERD mother 

wavelet method achieved the best accuracy of 85.33% with p<0.05, which is 7.30% higher than 

the DFCSP-DSLVQ and 17.08% higher than the CALLE algorithm using the CTWO method. 

In the future, more EEG data will be recorded for classifying with deep learning algorithm. The 

implemented algorithms have high impacts on the social quality of life. By integrating the 

algorithms, gives abilities to the paralyzed patients to perform daily activities with no help such 

controlling prosthetics for walking, eating, gaming and driving only by thought. 

 

In EEG signal processing, the pre-processing step is important for selecting the best channels 

and remove noise from data to form a matrix for post processing. The EEG signal is then 

segmented from 200 ms before displaying pictures (visual stimulation) to 2500 ms after visual 

stimulation, a signal with a width of 2700 ms. The segmented EEG signal is then formed in a 

matrix with a [Trials × samples × channels] dimension, which is [150 × 500 × 32] in our 

implementations. The formed matrix is then filtered using a six-order Butterworth filter. In 

order to find the best frequency bands, a filter bank based on the previous studies is applied 

[32]. For the filter bank frequencies, a spectrogram map based on the spectrogram and Welch 

power spectral estimation of signal is plotted (Figure 16 and Figure 17). The amplitude for the 

Welch power spectral estimation provides information on the frequency bands, which are more 

informative. The second approach is to find the best frequency band and select the best channel 

for ERD pattern detection. For this purpose, the trials relative to imaginary hand and foot 

movements are extracted and averaged. In the ERD pattern considerations, the location of the 

largest amplitude with the shortest delay is selected as the best channel for processing such as 

the FC1 and Cp6 locations as shown in Figure 29 and Figure 30. 

 

The contribution of the thesis is implementing algorithms for automatic identification of the 

imaginary movement patterns. The presented methods are based on different concepts to find 

reliable approach in which they are heightening with transforming data (CSP), self-similarity 

measurement (DWPT) and chaotic behavior (CALLE) of the brain. In BCI application, the 

presented algorithms have ability of finding the imaginary patterns and send the commands to 

the bionic robots and based on the bionic robot’s responses, patients will learn how to control 

it in daily activities. 

4.1 Discussion on the FBCSP-DSLVQ method 

For the FBCSP algorithm, the 32 channels are employed for decoding the EEG by feature 

extraction. The concept of the CSP algorithm is a map, in which maximizes the difference of 

variances between two classes by changing the direction of the data using the Eigenvalues [18]. 

In the presented experiment, because the CSP is affected by noise, a filter bank utilizing a 

frequency band selection is used. The formed filtered matrix data is first normalized between 

zero and one, and then the CSP algorithm is applied. The selected frequency bands (8-12 Hz 

and 12-16 Hz) are then considered by the Welch power spectral estimation (Figure 16 and 
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Figure 17). In order to reduce the effects of the noisy and features such as the EEG background, 

the DSLVQ is employed, which is the improvement of the LVQ method. The DSLVQ method 

is an iterative learning algorithm (P-II) that attain weights for the variance features. The DSLVQ 

computations are based on the Euclidean distance of the feature’s location and several features’ 

repetitions in the feature space. The DSLVQ generates small coefficients for the features, which 

are generated based on noise and large coefficients for the less repetitive features (single-trial 

patterns) for the classifiers. Therefore, the features are updated using the DSLVQ weights, and 

then fed to the feature selection algorithm.  

 

As the second part of noise reduction, the weighted features are then selected using the KPCA 

and KLDA algorithms. The KLDA and KPCA are using a kernel (GRBF) to increase the feature 

space dimension. The main difference between the KLDA and KPCA approaches is changing 

the feature space axis for better separations and view as follows: the KPCA searches a space 

based on maximizing the variance direction in the feature space; but the KLDA searches a space 

by maximizing between-group scattering over within-group scattering in the feature space. The 

KPCA is not sensitive to the number of datasets, which is a known important advantage [63]. 

The KPCA algorithm removes projection directions which reject low variance values [64] that 

sometimes causes lower results. Therefore, the effects of the KLDA and KPCA must be 

considered experimentally. For example,                   Figure 18 and Figure 21 show the scattering 

of the features without applying the feature selection algorithms. Figure 19 and Figure 22 show 

the effects of the KLDA on the feature scattering and Figure 20 shows the destructive effects 

of the KPCA on the feature scattering. The differences between                   Figure 18 and Figure 

22 show that the KLDA increases the discrepancy for the subject S5, whilst the KPCA did not 

improve the discrepancy. The effeteness of the discrepancies is observed by considering the 

accuracy results. The algorithm with the KLDA has better accuracy than the KPCA with the 

same classifier. On the other hand, the results show that the best accuracy belongs to the 

algorithm without feature selection, Case 1 in                     Table 1 and             Table 2. By 

considering the KLDA effects on data scattering in Figure 19 and Figure 22, it is revealed that 

the discrepancy of the features increased.  The FBCSP-DSLVQ algorithm with the KLDA vs. 

KPCA results shows that maximizing between-group scattering over within-group scattering in 

the feature space (KLDA) is more effective than maximizing the variance direction in the 

feature space.  

The selected features are then classified using different classifiers such as NN, K-NN, and 

different combinations of SVM, GRBF and RBF. The K-NN classifier with different values of 

K=1 to K=5 are utilized and the best one was K=1. The explained structure for the NN is 

selected experimentally. In the previous studies [16,18,41,42], GRBF is a very stable and highly 

promising method of classification. The generalization of the RBF provides high flexibility by 

altering the shape, center and width of the Gaussian function, which is based on the data 

distribution. In the present study, the GRBF is utilized as a kernel of the SMSVM. The SVM is 

a powerful binary classifier which has been used for a variety of datasets. The SVM has 

important limitations such as classifying for two classes with limited number of features. In 

order to solve the limitations, several methods are developed to overcome the limitations such 

as multi classification for SVM or classifying high-density feature space. The SMSVM is an 

effective solution a dataset with high number of features for classifying. The utilized solution 

for the SVM is using the Lagrange theorem for selecting effective features instead of all 

features, computations are presented in the P-II. The Support Vectors (SVs) play a critical role 

in decision making for the SVM. The selected SVs in the combination of the SVM, SMSVM 
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classifiers with the RBF, and GRBF kernels are displayed in Figure 23 to Figure 28. The most 

effective combination of the classifiers is considered by a smaller number of selected support 

vectors and the highest accuracy is presented in                     Table 1 and             Table 2. By 

considering the number of SVs and accuracies, the SMSVM-GRBF is selected as the most 

effective combination. More specifically, as an example, Figure 23 to Figure 28 comprise 

different combinations of classifiers with the same features. Figure 23 is the traditional SVM 

with the RBF; Figure 24 is the traditional SVM using the GRBF kernel, which covers most of 

the features in the feature space; and the SMSVM in Figure 25 decreases the number of SVs by 

selecting the best effective features by the Lagrange theorem. Regarding                     Table 1 

to                     Table 4 and Figure 23 to Figure 28, the best accuracy, robustness and optimum 

number of SVs are attained by SMSVM-GRBF classifier. In order to increase the efficiency of 

the SMSVM-GRBF classifier, the feature selection algorithms KLDA and KPCA are utilized. 

Results revealed that the discrepancy features increased for the KLDA, but some feature 

overlaps decrease the efficiency of the classifiers,                     Table 1 and             Table 2. The 

feedback of the experiments was based on the results of the subjects. By try and test subject 

learn how to imagine moving the bionic hand and the remote vehicle. 

 

In the P-II, the presented methods are categorized in three groups and the results are considered 

between and inner groups individually. Regarding                     Table 1 to                     Table 4, 

accuracy and robustness values are considered. In order to find out whether the extracted 

features from the two movement states are changed meaningfully, because the data is 

normalized the paired t-test is applied. By considering the paired t-test results, five subjects for                     

Table 1 do not have meaningful (paired t-test, p<0.05) feature alterations and two subjects in             

Table 2 do not have meaningful (paired t-test, p>0.05) feature alterations. Regarding                     

Table 1 and                Table 3, the DFBCSP-DSLVQ method (for extracting features) with the 

SMSVM-GRBF classifier attained the best average accuracy and robustness of 91.27% and 

83.21% for group 1. Additionally,             Table 2 and                     Table 4 show the best average 

accuracy and robustness of 78.03% and 73.66% for the DFBCSP-DSLVQ method, 

respectively.  

4.2 Discussion on wavelet-DFA features with the ERD mother wavelet 

The second method for the EEG decoding and identifying the ERD patterns is customizing a 

mother wavelet utilizing a combination of the Customized Wavelet Packet Transform with the 

DFA method (CWPT-DFA). The CWPT-DFA features are then classified utilizing the 

SMSVM-GRBF classifier, which is described above. To implement the CWPT-DFA approach, 

first, the ERD for individual subjects is computed and utilized as the mother wavelet in the 

DWPT. To decode the EEG, the same above-explained matrix contains of imaginary signal 

segments, filters edges in the FBCSP-DSLVQ method is utilized. The attained ERDs of 

imaginary movements for the 32 channels are depicted in Figure 29 and Figure 30. The ERDs 

provide information for the location of the neuron activation in the brain’s cortex. Besides this, 

the EEG power spectrum is plotted in Figure 31, which provides visual information of the 

neuron activation location in the brain’s cortex. Figure 31a is the average EEG power 

spectrogram for a window of 1,500 ms for the subject S8 before stimulation, that no high power 

is observed. Figure 31.b is the average power spectrogram of the brain with the same EEG 

signal length for no imagination, in which shows very low neuron activation in occipital areas 

related to vision and displays pictures of non-movement. Figure 31c is the EEG power 

spectrogram after the right-hand movement imagination that shows the FC1 and CP6 location 
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as the neuron activation in the cortex area. Then, the extracted ERD pattern is employed as a 

mother wavelet in the DWPT and updated automatically for identification in individual 

subjects. In order to use the DWPT algorithm in the MATLAB, three inputs are required as 

follows: input signal, number of scales and number of signal levels to be decomposed. The 

DWPT decomposes high and low frequency ranges. As shown in Figure 8, the EEG signal is 

decomposed for five levels to reach the frequency range 8-15 Hz and is fed into the function. 

The decomposed signals for the 8-15 Hz are placed together to generate a new signal for the 

DFA algorithm. The long-term correlation is then computed, and values are considered based 

on the explained criterions in DFA section, P-I and P-III. This approach is applied with the 

ERD and well-known pre-defined mother wavelets such as debentures and coiflet. The CWPT-

DFA feature efficiencies are presented in Table 5 to Table 8 and shown from Figure 32 to Figure 

34. Obviously, the scattering features show that the predefined mother wavelets such as db4, 

db8 and coif4 are not optimal for EEG processing; typically, scattering features of the classes 

are heavily combined. Figure 35 shows that the ERD mother wavelet separated the features of 

the classes better and achieved higher significant results. Presented accuracy results and the 

number of selected SVs in Table 5 to Table 8 show that the efficiency of the features based on 

the mother wavelets are significantly higher. By comparing the number of the selected SVs for 

the SMSVM-GRBF classifier with the correspondence subjects in the other groups, it is shown 

that the features are well scattered, whereby the number of SVs is reduced while the average 

accuracy is increased significantly. The achieved average accuracy for the features based on the 

db4, db8, coif4, and ERD mother wavelets are 66.55%, 65.99%, 65.51% and 72.81%, 

respectively. In order to consider the quality of the extracted features, the paired t-test is applied 

on the features for individual subjects. Table 5 to Table 8 show number of subjects whose 

features were altered between imaginary classes for the db4, db8, coif4, and ERD mother 

wavelets are seven, six, six and nine, respectively. In the real-time BCI applications, the 

feedback of the algorithms was provided visionary and self-learning of imaginary movement. 

This method has high delay, in which need more consideration for higher speed processing.  

4.3 Discussion on the CALLE method  

The third implemented concept for decoding is a chaotic algorithm, which is an improvement 

of the traditional LLE algorithm. The LLE values provides information if the system moves to 

chaos. To improve the LLE algorithm, an optimization method named the Chaotic Tug-of-War 

Optimization (CWTO) is utilized. In order to compute the traditional LLE, the MI and FNN 

values are computed in a traditional way. The MI and FNN are the required values for 

reconstructing a phase space and computing the LLE. The MI is the delay parameter with two 

required inputs for taking samples between two intervals. The required inputs are the EEG 

signal and the constant criterion for maximum delay. The FNN is the second parameter, with 

two required inputs for the phase space reconstruction and LLE computations. The required 

inputs for the FNN algorithm are the input EEG signal and the embedding space. The 

embedding space in the value shows that the FNN does not exist. The criteria play an important 

role for reconstructing the phase space and computing the LLE. In this study, the embedding 

dimension and maximum delay in the FNN and MI are obtained using an optimization 

algorithm called CTWO. The CTWO algorithm works in a competitive league in which each 

candidate value is a team. The updating formula is developed based on the quality of the 

candidates, which communicate with other candidates. In the experiment, the same channels 

and filters are utilized. The CTWO searches for the values regarding the chaotic maps. The 

advantage of the CTWO method is high speed random data selection, which are non-repeating, 
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ergodic and making use of chaotic maps as a substitution of stochastic approaches. By 

comparing the results of the embedding dimension, delay and accuracies between the traditional 

FNN, MI and accuracy in Table 9 and           Table 10, the CTWO method shows that the 

embedding dimension and maximum delay are not optimal in the traditional method and need 

updating. In order to classify the CALLE features, the same classifier SMSVM-GRBF is 

utilized. The best accuracy detection result was based on the CTWO method that the hand 

fisting imagination state parameters were embedding dimension = 36 and delay = 2; and for the 

non-fisting imagination parameters were embedding dimension = 19, delay = 74. In addition, 

the attained average value for the CALLE is 68.25% (paired t-test P<0.05), which is 10.48% 

higher accuracy than the traditional LLE. In order to see the trajectory of the EEG for 32 

locations in the brain in the reconstructed phase spaces, Figure 36 and Figure 37 are shown. 

More specifically, the two important channels are considered as follows: Figure 38 and Figure 

39 are the EEG reconstruction for the C3 and CP5 channels, respectively, based on the 

traditional FNN and MI; Figure 40 to Figure 43 are the reconstructed phase space based on the 

CTWO optimization method. Figure 40 and Figure 42 are the EEG trajectories for the CP5 and 

C3 channels, respectively. By changing the view of the plot, Figure 41 and Figure 43 are 

obtained. Figure 41 and Figure 43 show that two classes are separated better than the Figure 38 

and Figure 39. 
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5 Conclusion  

In the present study, the EEG signals are recorded based on a designed task with the aim of the 

BCI applications. In the experiments, three different brain states are employed to record EEG. 

The raw EEG signals are then filtered, segmented and formed in a matrix for post processing. 

Three different features are exploited for classifying. The first feature is based on the CSP 

algorithm, the DSLVQ weighting method, KDLA and KPCA feature selection with different 

combinations of SMSVM, SVM, RBF and GRBF classifiers. The DFBCSP-DSLVQ features 

with the SMSVM-GRBF classifier attained the best average accuracy and robustness, 92.70% 

and 83.21% with p < 0.05, respectively. The second algorithm is the CWPT-DFA feature 

extraction with the SMSVM-GRBF classifier. In the CWPT-DFA algorithm, the subject’s 

ERDs are employed as a mother wavelet in the CWPT for feature extraction and updated 

automatically. The results are then compared with the db4, db8 and coif4 predefined mother 

wavelets. The results showed that the utilized ERD mother wavelet in the CWPT-DFA achieved 

the best accuracy of 85.33% with p < 0.001. The third method is the CALLE, which uses the 

CTWO algorithm, a chaotic algorithm in which detects any imaginary states. The CALLE using 

the CTWO algorithm reaches the average accuracy of 68.25% and paired t-test p < 0.05, which 

improves the results. 
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