
A comparison of the analysis of methods for feature extraction 

and classification by Wavelet transform in SSVEP BCIs 

 

Hoda Heidari1, Zahra Einalou1*, Mehrdad Dadgostar2, Hamidreza Hosseinzadeh1,  

 

 

*1 Department of Biomedical Engineering, North Tehran Branch, Islamic Azad University, 

Tehran, Iran. 
2 Department of Biomedical Engineering, Central Tehran Branch, Islamic Azad University, 

Tehran, Iran. 

 z.einalou@srbiau.ac.ir  

 

 

Corresponding author 

Zahra Einalou 

Department of Biomedical Engineering, North Tehran Branch, Islamic Azad University, Tehran, 

Iran  

E-mail: z.einalou@srbiau.ac.ir 

Phone: +98 21 77318896 

Fax: +98 21 77318896 

 

 

 

 

 

 

 

 

 

 

 

mailto:z.einalou@srbiau.ac.ir
https://www.researchsquare.com/article/rs-82008/v1


Abstract: 

 Most of the studies in the field of Brain-Computer Interface (BCI) based on 

electroencephalography have a wide range of applications. Extracting Steady State Visual Evoked 

Potential (SSVEP) is regarded as one of the most useful tools in BCI systems. In this study, 

different methods such as feature extraction with different spectral methods (Shannon entropy, 

skewness, kurtosis, mean, variance) (bank of filters, narrow-bank IIR filters, and wavelet transform 

magnitude), feature selection performed by various methods (decision tree, principle component 

analysis (PCA), t-test, Wilcoxon, Receiver operating characteristic (ROC)), and classification step 

applying k nearest neighbor (k-NN), perceptron, support vector machines (SVM), Bayesian, 

multiple layer perceptron (MLP) were compared from the whole stream of signal processing.  

Through combining such methods, the effective overview of the study indicated the accuracy of 

classical methods. In addition, the present study relied on a rather new feature selection described 

by decision tree and PCA, which is used for the BCI-SSVEP systems. Finally, the obtained 

accuracies were calculated based on the four recorded frequencies representing four directions 

including right, left, up, and down. 

Keywords: Brain Computer Interface, Steady State Visual Evoked Potential, Classification, 

Wavelet. 

1. Introduction 

The brain-computer interface (BCI) is considered as a possible method for boosting 

communication and controlling the environments such as amyotrophic lateral sclerosis by which 

severely disabled people are able to manage their life [1]. 



BCI aims to create a path between the human brain and an external device such as BCI systems in 

order to bring human intentions into control signals. A large number of researches have recently 

focused on an Electro-Encephalography (EEG)-based BCI systems to accomplish the desirable 

communication. The signals extracted from an EEG signal such as ERP (event-related potentials), 

ERS (event-related synchronization), and VEP (visual-evoked potential) have been used in many 

perusals. They have attracted a lot of attention since VEP-based BCI systems enjoy a high 

information transfer rate (ITR) [2]. Among all these types, BCIs based on the Steady State Visual 

Evoked Potential (SSVEP) have been more emphasized.  As brain responses to a visual stimulus, 

these significant subsets of VEP-based BCIs include high ITR, high signal-to-noise ratio (SNR), 

low set-time in train, and optimum steady function [3]. 

Firman et al. [4] applied the minimum energy combination (MEC) method to detect SSVEP from 

EEG signals. The method is used when the rapid and accurate recognition is necessary to attain 

high SNR for BCI systems. They used short segments to delete noises from EEG signals. In [5], 

the double stimulus frequency was used for eye stimulus in BCI systems, which leads to an 

increase in the performance of system. Wavelet analysis has been applied to a single EEG channel 

to extract its features. It was used as a conventional method to analyze EEG in order to detect sun 

band frequencies [6-7]. Fourier transform was applied to a single channel of EEG signals to 

discover the phase and amplitude of SSVEP [8, 9]. The main disadvantage of Fourier transform is 

that it applies the frequency of signal regardless of the time information. When both Wavelet and 

Fourier transform were put into application, it was possible to reach a better signal extraction level 

[10]. Fig. 1 shows the block diagram of the stream of the steps applied to the four stages of signal 

processing module. 



 

Fig 1. The block diagram of BCI systems based SSVEPs 

In this study, a comparative method was adopted for classical methods in three parts of signal 

processing including feature extraction, feature selection, and classification. The study was 

conducted by using five feature extraction methods, spectral approach applying narrow band IIR 

filters, and wavelet transform computed at evoked frequencies. Further, six feature filters and 

wavelet transform computed at evoked frequencies, as well as six feature selection methods, and 

five classifiers were considered in the present study. Furthermore, the performance of each method 

was analyzed under a five-feature selection including decision tree, Wilcoxon, ROC, 

Bhattacharyya, and PCA. After combining to be applied on the same database, these methods were 

reported to describe an interesting comparative approach as follows: 



1. When the SSVEP genders a proper response, the frequency domain is applied through feature 

extraction methods. 

2. Non-linear structure is selected for the required SSVEP classification. 

3. Channel selection processing is done under three experiments. 

4. Statistical calculations are performed through different feature selection methods. 

This study was conducted on the database built according to the experimental setup described in 

the future. This study is a modest contribution to the identification of the best way for SSVEP 

processing from the feature extraction to the classification methods. To the best of our knowledge, 

no study has focused on the performance of a decision tree and PCA as feature selection 

approaches in BCI based on SSVEP. 

2. Materials and Methods 

2.1. Experimental procedure 

The data were recorded at Brain Science Institute, Laboratory for Advanced Brain Signal 

Processing. Biosemi Inc. machine recording was used for recording the data built in Netherland. 

The, 128 active electrodes from four participants were utilized to record the related data. The 

participants were completely aware of the objectives of this project. In addition, they could identify 

the light sensitive to the epilepsy disease before recording the final data. Further, the SSVEP 

stimulation was recorded by reversed white and black checkered (6×6 screen). In the next 

procedure, the second experiment was performed with a small checkered screen at three stimulus 

frequencies (8, 14, 28 Hz). The sampling frequency was 256 Hz. Additionally, the participants 

were asked to sit at the 90 cm distance of a monitor. The SSVEP started and ended 5 seconds and 



20 seconds after starting the data, respectively. We had 15 seconds of SSVEP from four batches 

of participants with three frequencies. Each frequency included five experiments for each 

participant. The total number of samples was 6370 [11, 12]. 

2.2. Preprocessing:  Filtering and segmentation; Wavelet transfer 

Wavelet is used for time-frequency analyses especially for non-stationary signals. It applies two 

windows to properly perform both extensive and short time-frequency analyses for low and high 

frequencies respectively [11]. Wavelet is a reliable way to segment the raw signal of EEG. It is 

useful as it enables the researchers to analyze the signal, considering the aspects of time and 

frequency [12]. Wavelet decomposes the original signals into two levels: low frequency 

information (𝑊), and high frequency information (𝑉). It breaks the low frequency information 

repeatedly, while keeps the high frequency information intact. Finally, it completes a wavelet 

packet tree [6]. The orthonormal basis 𝑈𝑗,𝑘
𝑛 (𝑡) that refers to the nth sub-bound of wavelet packet 

at jth scale is calculated as 𝑈𝑗,𝑘
𝑛 (𝑡) = 2−

𝑗

2 𝑢𝑛(2−𝑗 𝑡 − 𝑘), where 𝑘 is the shift factor [6]. It satisfies 

with: 

𝑢𝑗,0
𝑛 (𝑡) = ∑ ℎ0(𝑘) 𝑢𝑗−1,𝑘

𝑖       (n is even)

𝑘

                                                                      (1)                      

𝑢𝑗,0
𝑛 (𝑡) = ∑ ℎ1(𝑘) 𝑢𝑗−1,𝑘

𝑗      (n is odd)

𝑘

                                                                         (2)                      

The signal is decomposed into 4 levels; ℎ0(𝑘) and ℎ1(𝑘) are two members of the 4th level of filters, 

is obtained as [6]:   

              ℎ1(𝑘) = (−1)1−𝑘 ℎ0(1 − 𝑘)                                                                                           (3)  



Decomposing continues repeatedly until the frequency resolution increases [13, 14]. When the 

scaling and decomposing are finished, the sampling sequence and the Wavelet coefficient are 

calculated at kth sample and jth level (formerly extracted) as following [6]:  

𝑑𝑗
𝑛(𝑘) = ∑ ℎ0(𝑚 − 2𝑘)𝑑

𝑗−1

𝑛
2 (𝑚)        (n is even)

𝑚

                                                (4)         

𝑑𝑗
𝑛(𝑘) = ∑ ℎ1(𝑚 − 2𝑘)𝑑

𝑗−1

(𝑖−1)
2 (𝑚)      (n is odd)

𝑚

                                                  (5)          

Finally, it comes to computation of the frequency ranges of the whole subspaces at jth level, where 

fs is the frequency of sampling [6]. Fig.2 shows the filtering analysis of wavelet decomposition 

for the three divided steps.  
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Fig. 2. Block diagram of filtering analysis of Wavelet decomposition 

 

 

2.3. Feature Extraction approaches 

2.3.1. Entropy Shannon  

Entropy Shannon is the most famous approach. It sets an absolute limit on the best possible average 

length of lossless encoding or compression of an information source. The maximum rate happens 

in the continuous stimulation when the signal has Gaussian distribution. For the dis-continuous 

stimulation, if p(x) is probability density. The maximum value happens in dis-continuous form 



when the distribution is monotonous. In practice, for calculating Entropy of the signal, it is possible 

to first earn the spectrum of probability density according to the repetition of values in different 

ranges of slope of a considered signal. Then it is the time to enjoy the contributions of the theorems 

above [16]. 

2.3.2. Skewness and Kurtosis  

A fundamental task in many statistical analyses is to characterize the location and variability of a 

data set. Further characterizations of the data include skewness and kurtosis [17]. The former is a 

measure of symmetry, or more precisely, the lack of symmetry. A distribution or data set is 

symmetric if it looks the same to the left and right of the center point [17]. 

The latter is a measure of whether the data is heavy-tailed or light-tailed relative to a normal 

distribution. That is, data sets with high kurtosis tend to have heavy tails or outliers. Data sets with 

low kurtosis tend to have light tails or lack of outliers. A uniform distribution would be the extreme 

case [17]. 

Skewness is a standard to find the symmetry or asymmetry in distribution function. If the 

distribution function is symmetrical, Skewness measure is zero and if the distribution function is 

asymmetrical, Skewness measure is positive to the higher values and negative to the lower values, 

and it is defined as below [17]. 

                               𝛾1 =
𝜇3

𝜎3                                                                                                   (6) 

Kurtosis is the standard to recognize the sharpness of the curve at maximum value, and it defines 

the normal distribution in the following [18]  

                               𝛾1 =
𝜇4

𝜎4                                                                                                    (7) 



2.4.  Feature Selection 

2.4.1. Decision Tree 

An amazing way to select the superior data for an analysis is to make a decision tree. Decision 

trees are produced by algorithms that identify various ways of splitting a data set into branch-like 

segments. These segments form an inverted decision tree that originates with a root node at the top 

of the tree. It is a set of nodes which contact to each other through their branches going down to 

the root when they come to leaf notes [19]. The starting point is the root node, located at the top 

of the tree according to the agreement; indexes are located in decision nodes and each result is put 

at one branch. Each branch connects to another decision node or the final leaf node [19]. Here each 

branch divides into two other branches. Finally, we selected the data at the top of nodes. 

2.4.2. PCA (Principles Components Analysis) 

PCA is a well-recognized way to reduce the dimensions of data when there is a huge volume of 

data for classification. It is used to achieve a linear transform from the main complex of data [20]. 

At the end of the procedure, Bhattacharyya, t-test, ROC, and Wilcoxon were other feature selection 

methods used in this study. Finally, the results were collected in a table in order to find the best 

feature selection method. 

2.5. Classifiers  

After extracting data via Wavelet and selecting the best of them, we had to use the classifications 

to classify them. We applied k-NN (k-Nearest Neighbor), Perceptron, MLP, SVM (Support Vector 

Machine) and Bayes. 

 



2.5.1. MLP classifier 

Multilayer Perceptron (MLP) is put to artificial neural networks with at least three nodes except 

for the input nodes. Here, nodes are considered as neurons which apply a nonlinear function. MLP 

uses the backpropagation for its training, which is a supervised method of training [20, 21]. 

MLP learns 𝑓(. ): 𝑅m → 𝑅o where m is the number of dimensions of input and o is the number of 

dimensions of output. It can learn nonlinear approximation known as hidden layers. Fig. 3 shows 

the MLP that possesses a hidden layer with scalar outputs [22].  

 

Fig. 3. One hidden layer MLP [22] 

 

2.5.2. SVM Classifier 

It is a supervised machine-learning which is applied in classification of data sets. Training data 

divides into two groups and SVM makes a model to assign the new given data to one of two groups. 



It divides these two as far as possible from each other so that it could rise the resolution of groups 

[23]. 

3. Results 

The diagram below illustrates the arrangement of this study. 

 

Fig. 4. The proposed diagram of the whole work of this study 

First, the SSVEP signals from Mat lab were broken into 2-second spans. Then, the discrete Wavelet 

transform was used for these 2-second spans. In addition, the Wavelet coefficients were 

decomposed. The stimulus frequencies were 8, 14, 28 Hz and accordingly Wavelet decomposition 

continued until every stimulus frequency was separately put in each single band. Using a two-time 

analysis of Wavelet decomposition level could lead us to the slight point according to the range of 

EEG signal, which is between 0-40 Hz. It is worth noting that the Wavelet was decomposed for 

four times to reach the stimulus frequencies of 8, 14, and 28 Hz at each band separately. After 

decomposing signals by Wavelet, we were allowed to extract the features from the decomposed 

signals including Entropy Shannon, Skewness, Kurtosis, mean, power, and variance. Further, the 

features were normalized, and the decision tree, PCA, ROC, and statistics methods were used for 

selecting the optimum data. The result of the decision tree, according to the higher rank, was in 

accordance to variables input (features) and outputs (labels). Ten features were selected by using 



the decision tree as show in Table 1. By considering the decision tree presented in Tables 1-3, 

Entropy Shannon of first channel was selected as the best feature 

The other methods and their selected features are shown in Tables 2-5. 

                                               Table 1. The selected features by Decision tree 

 

 

 

 

 

 

 

 

 

 

 

Table 2. Rank-scale normal in comparison with other frequencies 

Wilcoxon ROC Bhattacharyya t-test  

Score 
Number of 

feature 
Score 

Number of 

feature 
Score 

Number of 

feature 
Rate of p-value 

Number of 

feature 

0.2794 179 0.277778 179 Inf 1025 3.44 × 10−13 2086 1 

0.2794 243 0.277778 243 0.018852 1026 3.35 × 10−13 2405 2 

0.2791 134 0.2775 134 0.018852 1027 3.35 × 10−13 2165 3 

0.2788 129 0.277222 129 7.04 × 10−7 1 3.22×10−13 2421 4 

0.2788 148 0.277222 148 7.04 × 10−7 2 3.22 × 10−13 2169 5 

 

Priorities 

selection 
Features s 

1 Entropy Shannon of first channel 

2 Variance of first channel 

3 Minimum of second channel 

4 Power for the second channel 

5 Maximum of the first channel 

6 Kurtosis of first channel 

7 Skewness of first channel 

8 Mean of first channel 

9 Entropy of second channel 

10 Skewness of second channel 



Table 3. Rank-scale 8Hz in comparison with other frequencies 

Wilcoxon ROC Bhattacharyya t-test  

Score 
Number of 

feature 
Score 

Number of 

feature 
Score 

Number of 

feature 
Rate of p-value 

Number 

of feature 

0.8495 1026 0.4505 1026 Inf 1025 2.6 × 10−13 2185 1 

0.6925 2100 0.2935 2100 Inf 1027 2.29 × 10−13 2161 2 

0.655 2099 0.29 1025 0.004 1026 4.8433 × 10−14 2240 3 

0.645 2098 0.26 1027 2.52 × 10−7 2 2.2095 × 10−13 2384 4 

0.6435 2097 0.6435 2097 2.52 × 10−7 3 2.133 × 10−13 2138 5 

 

Table 4. Rank-scale 14Hz in comparison with other frequencies 

Wilcoxon ROC Bhattacharyya t-test 

 
Score 

Number 

of feature 
Score 

Number 

of feature 
Score 

Number of 

feature 
Rate of p-value 

Number of 

feature 

0.801 1027 0.49 1025 Inf 1025 3.27 × 10−13 2331 1 

0.6735 226 0.402 1027 Inf 1026 2.49 × 10−13 2058 2 

0.6735 418 0.28 1026 0.004087 1027 2.16 × 10−13 2413 3 

0.6735 482 0.2745 226 2.52 × 10−7 1 2.1 × 10−13 2327 4 

0.673 275 0.2745 418 2.52 × 10−7 2 2.304 × 10−13 2137 5 

 

Table 5. Rank-scale 28Hz in comparison with other frequencies 

Wilcoxon ROC Bhattacharyya t-test 

 
Score 

Number 

of feature 
Score 

Number 

of 

feature 

Score 
Number 

of feature 
Rate of p-value 

Number of 

feature 

0.849 1025 0.48 1026 Inf 1025 3.48 × 10−13 2405 1 

0.664 2319 0.46 1027 Inf 1026 2.9 × 10−13 2141 2 

0.6475 2315 0.45 1025 Inf 1027 2.8 × 10−13 2180 3 



0.631 2353 0.277 367 2.52 × 10−7 1 2.6322 × 10−13 2421 4 

0.6295 2318 0.277 385 2.52 × 10−7 2 2.47 × 10−13 2169 5 

 

After using all of the above methods, the selected features were divided into testing and training 

groups. Testing and training ratios were 20% to 80%, respectively. The k-NN, MLP, SVM, and 

Bayes classifiers were learned on the training group, while the testing group was applied to the 

learned classifiers. The classifications were of a 4-class nature, among which three were related to 

the frequencies of 8, 14, and 48 Hz. Another frequency was related to a normal frequency. 𝑘 is 

from 3 to 9 for k-NN classifier and the classifier was used for each number. 

There were five and six hidden layers of neurons for MLP classifier. The test was performed 100 

times, and accordingly the accuracy was reported. The results of all classifiers with each featured 

method are reported in Table 6, along with their accuracy. 

In addition, k = 7 for k-NN and n = 6 (the number of neurons in hidden layer) for MLP had the 

best accuracy. 

Table 6 shows that k-NN gained the highest accuracy among the four classifiers (91.39%) and then 

SVM allocated the second rate of accuracy (89.34%) with the PCA feature selection method. 

Further, the features selected by PCA and those given to classifiers had higher accuracy. 

Furthermore, the accuracy of MLP was lower for each feature selection. Finally, Bhattacharyya 

and Wilcoxon had weaker results compared to other feature selections methods. 

 

 



                   Table6. The results of feature selection methods and applied classifications 

Feature selection 

method 

Classifiers Accuracy 

t-test MLP 1.23±73.44  

 KNN 2.58      ±75.9 
 

 SVM 79.62 ± 3.25 

 Bayes  83.32 ± 3.41 

Bhattacharyya MLP 4.52±63.9 

 KNN 5.01±68.9 

 SVM 65.11 ± 3.24 

 Bayes  73.01 ± 3.23 

Wilcoxon MLP 69.21 ± 2.01 

 KNN 75.25 ± 1.08 

 SVM 76.98 ± 3.14 

 Bayes  77.45 ± 2.12 

ROC MLP 73.46 ± 2.31 

 KNN 77.21 ± 1.25 

 SVM 75.32 ± 1.37 

 Bayes 79.91 ∓ 2.15 

PCA MLP 59.55 ± 5.75 

 KNN 91.39 ± 0.85 

 SVM 89.34 ± 1.05 

 Bayes  72.54 ± 1.65 

Decision Tree MLP 2.03±63.12 

 KNN 2.71±71.15 

 SVM 78.70 ± 0.18 

 Bayes  79.13 ± 0.12 

 

 

4. Discussion 

Comparing the results of the present study with those in other studies is difficult due to EEG 

(exclusively SSVEP) database, number of participants, type of Wavelet transform, decomposition 

level, type of classifiers, and feature extraction methods. However, the results were compared in 

the present study with other related ones. The information related to the database, as a pure SSVEP 

from EEG, was used to obtain the robust SSVEP, which was completely reliable for BCI systems 

and clinical applications. In addition, it allowed the researchers to reach the highest levels of 

accuracy and efficiency and signal-to-noise. Complexity and time-consuming calculations are 

considered as the most frequent problems regarding non-linear classifies [11]. A large number of 



studies reported such difficulties and created over-fitting problems [24]. Thus, in the present study, 

the linear classifications and feature extractions were implemented to obtain the highest accuracy 

and efficiency. The results demonstrated the highest accuracy, when linear methods are used for 

both classifiers and feature extractions, compared to other recent studies. However, some cases 

with lower accuracy were reported in comparison with the present work. In 2006, some studies 

applying SVM [25] reached an accuracy of 53.98%-56.07%, and some obtained 87.5% when they 

improved the level of decomposition up to seven [26]. Furthermore, an accuracy of 81.48% was 

obtained in some studies when they decomposed Wavelet up to five levels [27] and they used k-

NN. In addition, some attained an accuracy of 65.90% by using SVM. In 2011, some obtained the 

85.4% accuracy by using SVM classifier [28]. It is worth noting that non-linear classifiers were 

difficult to be calculated due to over-fitting and time calculation in the present study [29]. 

5. Conclusion 

The present study aimed to determine the suitable features for classifying the frequency of 8, 14, 

and 28 Hz, and one normal class. Further, it answered the question whether the accuracy of SSVEP 

extraction could be optimized by ranking the features, and using PCA and decision tree methods. 

The highest level of accuracy was obtained (91.39%). Furthermore, the highest accuracy was 

reported by using PCA method with k-NN classifier. Unlike other conducted studies, the present 

research was prioritized due to its classification of all processes such as signal extraction methods, 

feature extractions, feature selection methods and classifications, as well as its accuracy, which is 

shown to be the possible value. In addition, PCA, decision tree, and t-test were better than 

Bhattacharyya and Wilcoxon. The results of Bayes and SVM had better performance that those in 

k-NN and MLP. Finally, MLP had the weakest result.  

 



Funding information This work did not receive any grant from funding agencies in the 

public, commercial, or not-for-profit sectors. 

Compliance with ethical standards 

Conflict of interest The authors declare that they have no conflict ofinterest. 

Ethical approval All procedures performed in studies involving humanparticipants were 

in accordance with the ethical standards of  the Brain Science Institute, Laboratory for Advanced 

Brain Signal Processing and its later amendments or comparable ethical standards. 

Informed consent Informed consent was obtained from all individualparticipants included 

in the study. 

 

References 

[1] kelly SP, Lalor EC, Reilly RB, Foxe JJ. Visual spatial attention tracking using high-density SSVEP data 

independent brain-computer communication. IEEE Trans. Neural Syst. Rehab Eng. 2005; 13 (2): 172-

178. 

[2] Li Y, Bin G, Gao X, Hong B, Gao S. Analysis of phase coding SSVEP based on canonical correlation 

analysis (CCA). In: Int. IEEE/EMBS Conf. on Neural Engineering; Cancun, Mexico; 2011. pp. 368-

371 

[3] Allison BZ, Wolpaw EW, Wolpaw JR. Brain-computer interface systems: progress and prospects. 

Expert Rev Med Devices 2007; 4 (4): 463-474. 

[4] Friman O, Volosyak I, Gräser A. Multiple Channel Detection of Steady-State Visual Evoked Potentials 

for Brain-Computer Interfaces, IEEE Trans. Neural Syst. Rehab Eng. 2007; 54 (4): 742-750. 

[5] Hwang HJ, Hwan Kim D, Han CH, Im CH. A new dual frequency stimulation method to increase the 

number of visual stimuli for multiclass SSVEP based Brain computer interface (BCI). Brain Res. 2013; 

1515: 66-77. 

[6] Ting W, Guo-zheng Y, Bang-hua Y. Hong S. EEG feature extraction based on wavelet packet 

decomposition for brain computer interface. Measurement 2008; 41: 618–625. 

[7] Ahirwal MK, Kumar A, Singh GK. Suri JS. Sub-band classification of decomposed single event-related 

potential co-variants for multi-class brain–computer interface: a qualitative and quantitative approach. 

IET Science, Measurement & Technology 2016; 10 (4): 355-363. 



[8] Varsta M, Heikkonen J, Millan JDR. Evaluating the performance of three feature sets for brain–

computer interfaces with an early stopping MLP committee. In: Int. Conf. on Pattern Recognition; 

Barcelona, Spain; 2000. pp. 907-910 

[9] Polak M, Kostov A. Feature Extraction in development of brain-computer interface: a case study. In: 

Annual Int. Conf. of the IEEE Engineering in Medicine and Biology Society; Hong Kong; 1998. pp. 

2058-2064. 

[10] Mensh BD, Werfel J, Seung HS. BCI competition 2003–data set ia: combining gamma-band power 

with slow cortical potentials to improve single-trial classification of electroencephalographic signals. 

IEEE Trans. Biomed. Eng. 2004; 51 (6): 1052–1056. 

[11] Amin HU, Malik AS, Ahmad RF, Badruddin N, Kamel N, Hussain M, Chooi WT. Feature extraction 

and classification for EEG signals using wavelet transform and machine learning techniques, 

Australasian Physical and Engineering Sciences in Medicine 2015; 38 (1): 139-149. 

[12] Xue JZ, Zhang H, Zheng CX. Wavelet packet transform for feature extraction of EEG during mental 

tasks. In: Proceedings of the Second Int. Conf. on Machine Learning and Cybernetics; Xi’an, China; 

2003. 

[13] Mallat Stéphane. A Wavelet Tour of Signal Processing. Academic Press, San Diego; 1999. 

[14] Akansu A, Haddad R. Multiresolution Signal Decomposition: Transforms, Subbands, and Wavelets. 

San Diego, CA: Academic, 1992. 

[15] Chen YF, Atal K, Xie SQ, Liu Q. A new multivariate empirical mode decomposition method for 

improving the performance of SSVEP-based brain-computer interface. Journal of Neural Engineering 

2017; 14 (4): 046028. 

[16] Tong S, Bezerianos A, Malhotra A, Zhu Y, Thakor, NV. Parameterized entropy analysis of EEG 

following hypoxic–ischemic brain injury. Physics Letters A. 2003; 314: 354–361. 

[17] Joanes DN, Gill CA. Comparing measures of sample skewness and kurtosis. Journal of the Royal 

Statistical Society (Series D): The Statistician 1998; 47 (1): 183–189. 

[18] Moors JJA. The meaning of kurtosis: Darlington reexamined. The American Statistician 1986; 40 (4), 

283–284. 

[19] Larose D. Discovering Knowledge in Data: An Introduction to Data Mining. USA: Wiley & Sons, 

2005. 

 [20] Van Der Malsburg C. Frank Rosenblatt: Principles of Neurodynamics: Perceptrons and the Theory of 

Brain Mechanisms. Springer Berlin Heidelberg, 1986, pp. 245–248. 

[21] Rumelhart DE, Hinton GE, Williams RJ. Learning internal representations by error propagation. In 

D.E. Rumelhart & J.L. McClelland (Eds.), Parallel distributed processing: Explorations in the 

microstructure of cognition. Cambridge, MA: MIT Press; 1986. 

[22] Rumelhart DE, Hinton GE, Williams RJ. Learning representations by backpropagating errors. Nature 

1986. 323: 533-536. 

[23] Cortes C, Vapnik V. Support vector networks. Machine Learning 1995, 20: 273–297. 



[24] Witten IH, Frank E. Data mining: practical machine learning tools and techniques. Morgan Kaufmann, 

Burlington, 2005. 

[25] Liang N-Y, Saratchandran P, Huang G-B, Sundararajan N. Classification of mental tasks from EEG 

signals using extreme learning machine. Int. J. Neural Systems 2006; 16 (1): 29–38. 

[26] Li ZW, Shen MF. Classification of mental task EEG signals using wavelet packet entropy and SVM. 

In: 8th Int. Conf. on Electronic Measurement and Instruments; Xian, China; 2007. pp. 906–909. 

[27] Yazdani A, Ebrahimi T, Hoffmann U. Classification of EEG signals using Dempster Shafer theory and 

a k-nearest neighbor classifier. In: 4th Int. IEEE EMBS conf. on neural engineering; Antalya, Turkey; 

2009. pp. 327–330. 

 [28] Guo L, Wu Y, Zhao L, Cao T, Yan W, Shen X. Classification of mental task from EEG signals using 

immune feature weighted support vector machines. IEEE Transactions on Magnetics 2011, 47 (5): 866–

869. 

 [29] Heidari H, Einalou Z. SSVEP Extraction Applying Wavelet Transform and Decision Tree with Bays 

Classification. International Clinical Neuroscience Journal 2017, 4 (3): 91-97. 

 


