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Abstract: Electroencephalographic (EEG) signals are the 

preferred input for non-invasive Brain-Computer Interface (BCI). 

Efficient signal processing strategies, including feature extraction 

and classification, are required to distinguish the underlying task 

of BCI. This work proposes the optimized common spatial 

pattern(CSP) filtering technique as the feature extraction method 

for collecting the spatially spread variation of the signal. The 

bandpass filter (BPF) designed for this work assures the 

availability of event-related synchronized (ERS) and event-related 

desynchronized (ERD) signal as input to the spatial filter. This 

work takes consideration of the area-specific electrodes for 

feature formation. This work further proposes a comparative 

analysis of classifier algorithms for classification accuracy(CA), 

sensitivity and specificity and the considered algorithms are 

Support Vector Machine(SVM), Linear Discriminant 

Analysis(LDA), and K-Nearest Neighbor(KNN). Performance 

parameters considered are CA, sensitivity, and selectivity, which 

can judge the method not only for high CA but also inclining 

towards the particular class. Thus it will direct in the selection of 

appropriate classifier as well as tuning the classifier to get the 

balanced results. In this work, CA, the prior performance 

parameter is obtained to be 88.2% sensitivity of 94.2% and 

selectivity 82.2% for the cosine KNN classifier. SVM with linear 

kernel function also gives the comparable results, thus concluding 

that the robust classifiers perform well for all parameters in case 

of CSP for feature extraction. 

Index Terms: Brain-Computer Interface(BCI), 

Electroencephalography(EEG), Common spatial pattern(CSP), 

event-related synchronized(ERS), event-related desynchronized 

(ERD) 

I. INTRODUCTION 

  Brain-computer interface(BCI) is categorically divided into 

invasive and non-invasive type depending on the way of 

acquiring the input signals. Invasive BCI works on the 

electrical signals obtained from the limited region of the brain 

by invasively placing the electrodes to get source specific and 

robust signal. In the case of non-invasive BCI signals are 

collected from the scalp of the subject by placing the 

electrode using the standard electrode placement 

method[1][2]. In this case, chances of interference by other 

electrophysiological signals as well signal from the adjacent 

electrode is high[3]. Task-related features can be identified 

from these signals by application of signal processing 

techniques, which helps the signal to rise above the 

overlapping noise and represent the features in a 
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distinguishable manner. Appropriate feature extraction 

method collecting the distributed features in the spatial 

domain as well as considering the time-frequency correlation 

is of importance. The next most crucial part is a classifier, 

which has to deal with the separation of the features having 

non-linear variations as well as subject wise variations.  

The literature survey presented in this paper tries to focus on 

the feature extraction methods used for EEG based BCI 

covering the different aspects of feature extraction. Extracting 

the spatiotemporal features for representing the underlying 

task from the EEG signal supports in generating the features 

useful for classification[4]. The patch of spatial filter 

prepared by using this concept optimizes the variance of the 

signal when operated it, and variances serves as compatible 

features[5]. Extension of this work forms subspace for each 

class and union of these subspaces were used to select 

principal components useful for classification in the 

multiclass problem[6]. In case of the small training set, CSP 

got the modifications which reduces the variance estimation 

while reducing the where the covariance-matrix estimation is 

regularized by two parameters to lower the estimation 

variance while reducing the estimation bias[7]. Wavelet 

energy of detail and approximate coefficient bands obtained 

by applying discrete wavelet transform on the signal was also 

used as features in the application to BCI[8]. Higher-order 

statistical parameters extracted from the wavelet band also 

resulted in robust features leading to the higher value of 

classification accuracy(CA)[9]. Power spectral density (PSD) 

and phase locking value (PLV) was also used and acted as 

strong features as they were able to measure the functional 

connectivity between the signals[10].   

Classification methods used for EEG indicate the gradually 

from the linear classifier to non-linear classifiers and then 

including the neural network and deep learning. Considering 

the recent paper on EEG for detection of sleep disorder, deep 

learning method was introduced, resulting in state of the art 

performance[11].  

Ensemble classification model with independent classifiers 

used for the CSP features resulted in good classification 

accuracy and concluded on modification of classifier 

characteristics[12]. K-NN serves the efficient classifier when 

used for the statistical features derived from the wavelet 

decomposed signals[9]. 

Chapter I of the paper introduces the recent trends in BCI and 

gives the literature review for the signal processing methods 

covering feature extraction and classification techniques. 

Chapter II explain the 

database methodology used 

for this research analyzing 

the spatial filtering method 
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used for feature extraction and different classification 

strategies variation with variations in kernel functions. 

Chapter III gives the results obtained in term of performance 

parameters. Chapter IV elaborates on conclusions and future 

scope. 

II. DATABASE AND METHODOLOGY  

A. Database Description 

This research uses the database provided by the Intelligent 

Data Analysis Group, from the department of neurology, 

Berlin. Recording of the EEG signals was done on normal 

subject and feedback was not provided. The subject is sitting 

in a chair resting arms on the table and fingers in typing 

position on the computer keyboard. The task provided was to 

press the keys with the index and little fingers. The recorded 

experiment consists of 3 sessions of 6 minutes each. Average 

typing speed was 1 key per second. 

Data consist of 316 labelled epochs which can be used for 

training purpose and 100 unlabelled epochs to be used for 

testing purpose, each epoch is of 500 ms length and is ending 

130 ms before a key press thus avoiding the signal due to 

mechanical movement. Left-hand movements (LHM) are 

indicated by label 0, and right-hand movements (RHM) by 1, 

the Sampling frequency is 1000 Hz and down sampled to 100 

Hz. A Neuro-scan amplifier with 28 Ag/Ag–Cl electrode 

placed according to the international 10/20 electrode 

placement system were used for recording[13]. 

B. Methodology 

This research emphasizes on band limitation of the signal 

using IIR BPF for preserving the task related modulations. 

Feature extraction strategy implemented in this work uses the 

optimized variance of the signals from selected electrodes 

obtained after applying CSP filter on it. Further, the work 

analyses the classifier variation and kernel variations on the 

performance parameters of the system.  

 

 

 

 

 

 

                                             

      Figure 1 Block Diagram Description of Methodology 

1. Feature extraction strategy 

Motor imagery task when captured in the form of EEG signals 

and collected from the scalp of the subject, the task-related 

variations of the signal have spread in time-frequency as well 

as spatial domain. Bandpass filtering the signal to capture the 

ERD and ERS of the signal is the prime task done in this work. 

The spread of the variation in the spatial domain is collected 

by using CSP filtering strategy.  

Band Pass Filter 

In case of MI signals event-related variations are accumulated 

in ERD covered by µ band ranging from 8-12Hz and β band 

ranging from 15-30Hz[14]. As these variations are very small, 

the noise may override it or hide it. This work implemented 

bandpass linear phase filtering of the signals. Filter designed 

with a lower cut-off frequency of 5Hz and an upper cut-off 

frequency of 35Hz with order 50 retains the µ and β bands 

carrying event related information.   

Spatial filtering method  

Spatial filtering method works on forming the filter mask 

made from the most influential electrodes for the MI signals. 

This mask, when applied on the test signal, provides us with 

the time series having an optimum variance for the underlying 

task making the task distinguishable. As the motor imagery 

signal is band specific, the band-limited signals provided to 

the spatial filter results in the more distinguished variance.  

Process of forming spatial filter uses 316 training trials for 

selected A channel with B samples forming the matrix of 

E=A×B for every trial under every class. Next step computes 

spatial covariance of that matrix and normalizes it as in 

equation 1 

                                                                                    
'

'
( )

EE
C

trace EE
                                                                                 1 

Spatial covariance is separately obtained for the training trials 

to consider task-related variations of LHM and 
lC  is obtained 

by averaging them. Similarly averaging of the covariance of 

RHM gives 
RC . Equation 2 indicated the summation of two 

average variations for two different classes. 

                                                                                     

c l RC C C                                                                                         2     

Further the matrix 
cC  is decomposed into eigen values and 

eigen vectors as in equation 3      

                                                                                     
'

c c c cC U U                                                                                           3     

The obtained eigenvalues c  and eigenvector 
cU when 

computed as in equation 4 gives the whitening transform 

matrix P.  Whitening transform matrix P is obtained using the 

eigenvalues c  and eigenvectors 
cU computed in equation 4.  

For this whitening operation, eigenvalues are arranged in 

descending order, and accordingly, the eigenvectors are 

sorted.   

                                                                               

1 '

cP U                                                                                                  4 

Whitening transform when applied on 
cC  to give '

cPC P will 

result in unity eigenvalues, thus confirming the equalization 

of the variance in the space spanned by 
cU . Operating this 

whitening transform matrix 

independently on 
lC and 

RC  

as in equation 5 and 6 

Band Pass 

Filter  
CSP 
Filter 

Support 

Vector 
Machine 

Linear 

Discriminant 
Analysis 

K- Nearest 
Neighbor 
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respectively resulted in lS  and RS .  

 

                                                                               
'

l lS PC P                                                                                                  5 

                                                                               
'

R RS PC P                                                                                                 6                    

These 
lS  and 

RS  are decomposed into eigenvalues and 

corresponding eigenvectors    '

l lS B B   and '

r RS B B   

then 
l RI    , where I is the identity matrix. Obtained 

identity matrix suggested that eigenvector with large 

eigenvalue for 
lS  will be having small eigenvalue for 

RS  and 

vice-versa. This leads to the conclusion that eigenvector 

matrix B can be used for representing the task variation for 

classification. If whitened EEG is projected on Eigenvector 

corresponding to large eigenvalues will form the feature 

vector. Projection matrix given by equation 7 is further used 

to decompose the signal under test as in equation 8. Equation 

9 forms the feature vector corresponding to the variance of the 

signals as in equation 8[11],[13].                                                                  
' '( )W B P                                                                                 7 

                                                               Z WE                                                                                     
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2. Classification techniques 

The various classifiers considered under this section are 

particularly selected from the literature dealing with 

biomedical signal classification.   

Support vector machine (SVM) 

 SVM is the robust classifier widely accepted for non-invasive 

EEG based BCI[13][15]. It is designed for separating two 

classes using the optimization of the hyperplane. This method 

is particularly preferred for data with limited training trials 

but provides with a stable solution. The kernel functions 

available with SVMs maps the data or the features to higher 

dimensional space from where they can are linearly separable. 

Linear machine trained on separable data where the training 

data is {xi, yi} for i= 1….l and yi є {1,-1} and xi є R
d 
as in fig. 1 

and given by equation 10 and 11. 

. 1ix w b    for  yi = +1                                               10  

 

. 1ix w b    for yi = -1                                                     11         

      

        

        Figure 2 Feature Separation Strategy of SVM 

In case of non-linear separation requirement, linear 

boundaries became inappropriate SVM can map the input 

vector x to higher dimensional feature space z. Some widely 

acceptable mappings radial basis function, polynomial, and 

sigmoid functions[16][17].  

K-Nearest Neighbour 

 It is one of the primary and essential techniques required in 

machine learning. It is the supervised and non-parametric 

method finding application in pattern recognition, data 

classification, and intrusion detection[18]. In the case of the 

classification, there is an input requirement of k training 

examples accommodated in the feature space. Class 

membership will be the output of the classifier. The object 

will be assigned to the most common class among its k 

neighbors. 

Linear discriminant analysis (LDA) 

 Linear Discriminant Analysis (LDA) is the dimensionality 

reduction technique with the goal of separating the classes. It 

is developed by Ronald A. Fisher for only a 2-class problem 

and then generalized to apply to multi-class problems by C.R. 

Rao. LDA project the features from higher dimension space 

onto a lower dimensional space using the following steps. The 

first step estimates the between-class variance as given in 

equation                                 

1

(x x)(x x)
g

T

b i i i

i

S N


                                               12 

The second step calculates with class variance using the 

following equation 13                                                 

1 1

(x x)(x x)
iNg

T

w ij ij

i j

S
 

                                        13 

Lower dimensional space is constructed in the third step for 

maximizing the between-class variance, whereas minimizing 

the within-class variance. The equation 15 gives the P as the 

lower dimensional projection. 

arg max
T

b
lda T

P w

P S P
P

P S P
                                                14 

Performance Parameters 

 This dataset poses the problem of binary classification; hence 

this work uses the statistical measures for judging the 

performance of the methods 

used for feature extraction as 

well classification. The 

statistical 

https://en.wikipedia.org/wiki/Feature_space
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measures/parameters considered in this work are 

classification accuracy, statistical sensitivity, and specificity. 

These parameters can be calculated by using true 

negative(TN), true positive(TP), false negative(FN) and false 

positive(FP) values obtained after classification. Where 

 True Positive(TP):- LHM classified as LHM. 

 True Negative(TN):-RHM classified as RHM. 

 False Positive(FP):-RHM confused as LHM. 

 False Negative(FN):-LHM confused as RHM. 

 

Classification Accuracy(CA) is given by equation 15 and 

which represents the correctly classified LHM and RHM. 

100
TP TN

CA
TP TN FP FN


 

  
                                 15 

Sensitivity and specificity are the measures indicating 

inclination of the method towards particular class and are 

given by equation 16 and 17. Even one can elaborate that 

larger value of sensitivity and smaller selectivity will show the 

inclination of the classifier towards LHM and vice-versa. 

100
TP

Sensitivity
TP FN

 


                                        16                                        

100
TN

Specificity
TP TN

 


                                         17 

III. RESULTS AND DISCUSSION 

A.  Feature Extraction 

MI signal is band limited signal and hence to maintain the 

event-related variations this work uses FIR BPF with a cut-off 

frequency of 5-35Hz accommodating ERD and ERS. Fig. 3 

displays the frequency response of the designed filter 

indicating constant amplitude response for the expected range 

of frequency. 

This band-limited signal is used for the formation of CSP 

filter mask; this work optimizes the filter mask design by 

using selected nine electrodes using the available training 

trials, as shown in fig. 4. It will help in building practical BCI 

with the limited number of electrodes and hence decreasing 

the complexity of the overall system. The designed CSP 

mask, when applied on the signal under test, optimizes the 

variance of the signal based on the underlying task making the 

task distinguishable. Thus variance of the signal is extracted 

as the feature in this work. 

 

       Figure 3 Frequency Response for Band Pass Filter 

 

Figure 4 Electrode Selected for CSP Mask and Feature  

                       extraction   

B. Classification and performance evaluation 

Evaluating the classifiers based on the proposed performance 

parameters is one of the objectives of this work and hence, 

along with the CA, Sensitivity and Specificity are proposed. 

From table 1 and fig. 5, it can be stated that medium Gaussian 

kernel of SVM gives CA of 87.2% along with 94% statistical 

sensitivity and 82% statistical specificity which is the best 

result compared to other kernel functions. Results of the linear 

kernel functions are also comparable they only lag on the 

front of sensitivity and selectivity. 

Table 1 Performance Evaluation of SVM 

SVM Kernel Classification 

Accuracy  

Statistical 

Sensitivity 

Statistical 

Specificity 

Linear  87.2 93.6 81.9 

Quadratic  84.1 90.4 79.4 

Cubic  79.9 85 74.2 

Fine Gaussian  73.9 80.2 68.4 

Medium 

Gaussian  

87.2 94 82 

Coarse 

Gaussian  

86.9 92.5 80.3 

 

 

Figure 5: Graphical Representation for Analysing Kernel 

Functions of SVM 
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Table 2 and fig. 6 represents the performance evaluation for 

two variations in Discriminant Analysis, which are suitable 

for LDA with 86.6% CA Sensitivity of 90.7% and specificity 

81%. 

Table 2 Performance Evaluation of Discriminant Analysis 

 

  

Figure 6 Graphical Representations for Analysing 

Discriminant Analysis 

Table 3 and fig. 7 evaluated the classifier KNN for different 

Gaussian functions. It resulted in maximum classification 

accuracy of 88.2% sensitivity of 94.2% and specificity of 

82.2% which is highest among its all kernel functions as well 

among all considered classifiers. 

Table 3 Performance Evaluation of KNN 

KNN kernel Classification 

Accuracy  

Statistical 

Sensitivity 

Statistical 

Specificity 

 Fine KNN 77.1 78.8 72 

Medium KNN 85 86.8 77.2 

Coarse KNN 85.9 87.8 79 

Cosine KNN 88.2 94.2 82.2 

Cubic KNN 84.4 83.8 75.1 

Weighted KNN 85.6 87.1 78.3 

 

 
Figure 7 Graphical Representation for Analysing Kernel 

Functions of KNN 

I. CONCLUSION AND FUTURE SCOPE 

This work searches for the best band of frequency using the 

BPF presenting the CSP filter with task-related variations and 

filtering the other unwanted overlapping signals. Optimized 

CSP implemented in this work uses area specific electrodes 

covering the MI part of the brain, thus constructing the filter 

using only nine electrodes. Methodology proposed here tries 

to compare various classifier and their kernel function based 

on not only CA but also sensitivity and selectivity as 

performance parameters. Though the classifier with a 

competent CA resulted in better sensitivity and selectivity, the 

inclination of the classifier toward a particular class can be 

judged from it. It can be used to adjudge the classifier, and 

further tuning of the classifier can be done to improve the CA. 

Result obtained for CA using KNN with cosine kernel is 

88.2%, and the adjoining sensitivity is 94.2%, and selectivity 

is 82.2% which is highest compared to others. Boosting the 

classification accuracy can be possible in this work by adding 

the pre-processing method which will help in representing the 

task related modulations of the signal. 
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