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Abstract 

In this paper we describe commonly present algorithms which are used to design Brain-Computer Interface (BCI) systems based 
on Electroencephalography (EEG). We briefly present the commonly employed algorithms and describe their properties. Based on 
the literature, we compare them in terms of performance and provide guidelines to choose the suitable classification algorithm(s) 
for a specific BCI. 
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I. INTRODUCTION 
A Brain-Computer Interface (BCI) is a communication system that does not require any physical movement. Indeed, BCI 
systems enable a subject to transmit commands to an electronic device only by means of brain activity. Such interfaces 
can be considered as being the only way of communication for people affected by a Number of motor disabilities. In order 
to operate the BCI system user must have create any pattern or commands to operate the system. These commands can be 
optimized & translated by the system. most of the identification work is based  on algorithm(s). We are presenting the 
review of the various algorithms that are present to design BCI system. The aim of this paper is to present the algorithms 
used in BCI system as interest in EEG-Based BCI is rapidly growing. Another motive is to help the researchers to choose 
the appropriate algorithm as per their requirement [16]. 
The remainder of this paper is organized as follows. Section III provides a description of Wavelet Common Spatial Pattern (WCSP), which Section IV 
describes the Adaptive Chirplet Transform and Visual Evoked Potentials  Section V. Describes a Novel Feature Extraction Algorithm which contains 
five types of analysis Finally, section VI concludes this paper with the a Semi supervised Support Vector Machines Algorithm       

 
II. LITERATURE REVIEW 
Research in the field of BCI has a short history. In 1970”s several scientist developed some simple BCI projects that were 
driven by electrical activity recorded from the head. Among them, the most successful project, which aimed to control the 
movement of a curser, was carried out by Dr. Jacques Vidal [1]. In recent years, many groups around the word have 
investigated BCI systems, resulting in many experiments and applications such as cursor [2], wheelchair [3] and robot 
control, and very high recognition rates have been achieved. However, it is hard to compare the performance due to 
different experimental arrangements and measurements techniques. Some of these experiments were performed on 
paralyzed subjects but the majority of them were performed on healthy users. In an international BCI competition, it 
became obvious that some of the submitted algorithms did not generalize well to other BCI datasets. Therefore, it invited 
doubt as to whether BCI systems could work generally rather than only for some specific data. 
 
III. BRAIN COMPUTER INTERFACE AS A WAVELETE COMMON SPATIAL PATTERN (WCSP) 
The Common Spatial Pattern (CSP) algorithm is frequently used to distinguish between two classes of EEG data based on 
simultaneous diagonalization of two covariance matrices. An abbreviated description of CSP is given In this section [16]. 
 
A. Parameters 
The  EEG  data  are  acquired  and  preprocessed  with  low  pass  and  notch  filtering.  The preprocessed signal is 
projected into sub bands by wavelet decomposition. The signals at different sub bands are reconstructed using wavelet 
reconstruction.  The sub band signals are spatially filtered using CSP.  The discriminative features are extracted from W-
CSP filtered signal. A FLD classifier is trained using these features and performance of algorithm in terms of 
classification accuracy is determined [4]. The W-CSP filtered signal is used to reconstruct the speed profile and the 
decoding accuracy in terms of correlation coefficient is calculated. 
 
B.  Methodology 
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An   experiment   was   performed   to   investigate   the   presence   of   movement   related parameters from EEG signals 
in the LF band. The focus of  this  study  is  to  classify  and reconstruct  the  speed of movement  using  LF components  
of  EEG  and  to  study how  these  are affected if the movement is performed in four different directions[5]. The aim of 
this research is to develop  a  BCI  with  a  more  refined  control  or  increased  number  of  control  commands  for 
movement by including information regarding movement speed. The challenges in developing an efficient feature 
extraction algorithm in EEG-based BCI research are to address the issues of low signal-to-noise ratio, non stationary and 
spatial localization of the discriminative features. To tackle these problems, a Wavelet-Common Spatial Pattern (Wavelet-
CSP) algorithm was used [18].The block diagram illustrating the proposed Wavelet-CSP algorithm along with the 
analysis performed is shown in Fig.1 and the steps involved are described as follows. 
Step 1: The EEG data are acquired and preprocessed with low-pass and notch filtering. 
Step 2: The preprocessed signal is projected into sub bands by wavelet decomposition. 
Step 3: The signals at different sub bands are reconstructed using wavelet reconstruction. 
Step 4: The sub band signals are spatially filtered using CSP. 
Step 5: The discriminative features are extracted from W-CSP filtered signal. A FLD classifier is trained using these  

features and performance of algorithm in terms of classification accuracy is determined. 
Step 6: The W-CSP filtered signal is used to reconstruct the speed profile and the decoding accuracy in terms of 
             correlation coefficient is calculated. 
 

 
Fig.1- Proposed Wavelet-CSP algorithm. 

 
A Wavelet-CSP algorithm using a single decomposition level was used to reconstruct and de noise the  signal  before  
applying  common  spatial  pattern  (CSP)  for  applying  in  BCI  Competition Dataset.  A  Wavelet-CSP  approach  was  
used  combined  with  fuzzy  logic  in  an  asynchronous offline BCI system. The Wavelet-CSP algorithm creates time-
frequency-space localized signal by multiple levels of decomposition of signal [6]. To classify directional information 
from EEG this algorithm is used. In this study, the Wavelet-CSP algorithm is used to extract the speed-related features  
from  EEG,  and  the  algorithm  has  been  enhanced  to  extract  the  optimal  levels  of wavelets. 
The proposed approach in this study decomposes the preprocessed EEG using wavelets and  subsequently  reconstructs  it  
at  different  levels  to  yield  sub  band  signals  that  are  further spatially  filtered  using  CSP  algorithm.  This 
approach of Wavelet-CSP algorithm using LF features has not been used to analyze or classify movement-related 
parameters till this research. An experiment was designed based on these requirements and EEG data collected during 
right- hand movement was used to validate the algorithm. The W-CSP filtered signal was used to: 1) classify the 
movement parameters; and 2) reconstruct the 2-D speed profile [7].Performance of speed classification for various 
methods has been compared by using W- CSP, CSP and FBCSP algorithms. Performance of speed classification using 
3x3 crosses validation is used to measure mean classification accuracy in percentage and these accuracies are compared 
for W-CSP, Laplacian Spatial filtering, and temporal and occipital electrodes [4][7]. 
 
IV. THE ADAPTIVE CHIRPLET TRANSFORM AND VISUAL EVOKED POTENTIALS. 
A. Parameters 
A chirplet is a windowed portion of a chirp function, where the localization property is provided by the window. In terms 
of time–frequency space, chirplets exist as revolved, shorn, or other structures that move from the traditional parallelism 
with the time and frequency axes that are typical for waves. An evoked potential or evoked response is an electrical 
potential recorded from the nervous system of a human following presentation of a stimulus, which is different from 
spontaneous potentials as detected by electroencephalography (EEG), electromyography (EMG), or other 
electrophysiological recording method [16]. 
B. Methodology 
To get the VEP response adaptive algorithm of matching pursuit is used which is based on chirplet transform [19]. A 
“chirp” or chirp function is a speedily swept sinusoidal wave and a “chirplet” is a windowed chirp function. Wavelet 
transform provides the variable window length which is not possible in STFT (Short Time Fourier Transform). There is a 
fundamental reciprocal relation that exists between the central frequency of a wavelet and its window length [8]. In the 
wavelet transform, the basis functions are derived from a single mother wavelet by two operations of dilation and 
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translation. Similarly, the bases for a Gaussian CT are derived from a single Gaussian function  through 
through four operations: scaling, chirping, time- and frequency-shifting, which leads to a family of wave packets with four 
four adjustable parameters. 

 
Where   is the time center, the frequency center, the effective time-spread, and the chirp rate that 
characterizes the “quickness” of frequency changes. Consequently, the transform of a signal is defined as the inner 
product between the signal and the Gaussian chirplet   defined in (1). 
 

 
  
Where “  ” denotes the complex conjugate operation. The coefficient  represents the signal’s energy content 
in a time-frequency region specified by the chirplets, and the absolute value of the coefficient is the amplitude of the 
projection. To simplify the notation, the set of chirplet parameters is described by a continuous index set  . 
An arbitrary signal   is then constructed as a linear combination of Gaussian chirplets, i.e. 

 
          (3)      

 
Where the parameter is set of the chirplet, denotes the residue and is defined as the th-order 
approximation of the signal. Since  has a Gaussian envelope, minimum time-frequency variance is achieved [9]. 
Note that the coefficient is complex and hence the decomposition information at each iteration  is described by six 
real parameters, i.e., two from and the other four from . The optimal estimation of  and   corresponding to the 
decomposition of a signal into the basis functions   is an- hard problem [10]. This means that no known polynomial 
time algorithm exists to solve this operation. There have been efforts to develop best techniques. 
The algorithm was implemented using Matlab 7.0 on a system having configuration Pentium IV PC (3.0 GHz) & 1.0 GB 
memory. To estimate one chirplet from a 1200-point signal the average time taken was approximately 8 min. For each of 
the averaged signals, ten Gaussian chirplets were estimated with the algorithm described in Fig. 2.  

 
Fig. 2- Adaptive decomposition algorithm flowchart. 

 
They believe this number of chirplets was sufficient for representing the VEP of interest as the residue after ten iterations 
was close to white noise. In general, the chirplets extracted first was having higher amplitudes and higher    values. 
Specially, they found that the amplitudes of the first three chirplets were significantly higher than those of the remaining 
chirplets. The first chirplet,  , represented the steady-state component of the VEP signal as it has a long time-spread,  
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, and a near zero chirp rate. The remaining two chirplets and had negative chirp rates, indicating that the instantaneous 
frequency decreased with time. Eventually, the local time-frequency structures that cannot be effectively matched by a 
single chirplet will be represented by several chirplets. 

 
V.  NOVEL FEATURE EXTRACTION ALGORITHM 
Feature extraction algorithm for Brain-Computer Interfaces (BCIs) in which the new concept of fuzzy Region Of Interest 
(ROI) is used. This algorithm is based on inverse models.  The relevant ROIs are automatically identified and their 
reactive frequency bands. It uses Support vector machine. It can automatically identify what are the relevant ROIs for 
mental task discrimination and in which frequency bands they react [11]. 
A. Parameters 

  Statistical analysis: - 
A statistical analysis comparing the different classes (mental tasks) was performed for each frequency 
and each voxel. The goal was to identify the voxels which activity for a given frequency can 
discriminate the classes. 

 Clustering:- 
A clustering algorithm is performed in order to gather voxels, which activity is statistically critical, into 
different ROIs. 

  Fusion: - 
ROIs found at similar spatial locations, in continuous frequencies, are fusionned and identified as 
reactive in the frequency band resulting from the concatenation of these frequencies. 

 Adaptation:-  
For each ROI obtained during fusion, another statistical analysis is performed in order to remove voxels 
that are not significant anymore in the reactive frequency band identified at the fusion step. 

 Fuzzification: - 
Each ROI is “fuzzified”, i.e., turned as a fuzzy ROI in order to properly define its spatial extension. 

B. Methodology 
 Statistical Analysis: 

In this step statistical test is done for comparison. This test is individually done for each frequency. 
Analyzing all frequencies  is obtained. It is called as substantial voxels as Members of the relevant 
ROIs.  

 Clustering: 
To perform aggregate of substantial voxels into different ROI’s clustering algorithm is used. For 
clustering a 4-dimensionnal vector  is associated to each significant voxel. The 
coordinates  are the 3D coordinates of the voxel in the chosen head model, and s is the voxel 
statistic computed at the previous step. When the clustering performed, all the voxels which 
corresponding vectors belong to the same cluster are aggregated into the same ROI. This step done, a 
set of relevant ROIs have been identified for each frequency. 

 Fusion: 
 Relevant ROI’s are obtained for each frequency, now to decide which ROI’s are appropriate for which 

frequency band following procedure is followed: 
 Associate each ROI Ω found previously with the Frequency f at which it was found.                       
 Among the whole set of couples (Ω; f), select two couples (Ω 1; f1) and (Ω 2; f2), such that the overlap 

between Ω 1 and Ω 2 is high, and the frequency bands f1 and f2 are overlapped or are consecutive. 
They consider an overlap is high if card (Ω 1 ∩ Ω 2) > 0:5 *min (card (Ω 1); card (Ω 2)) with card 
(Ω) being the number of voxels in.              

 Replace the couples (Ω 1; f1) and (Ω 2; f2) by the single couple (Ω 1U Ω 2; f1 Uf2). This means we 
choose the union as the way of fusionning ROIs; 

 Return to point 2, until no more ROIs can be fusionned. 
 Adaptation: 

A ROI identified as reactive in the frequency band  may contain voxels due to the use of the 
union  as the fusion operator that were significant in a frequency between  and  but that are not 
substantial anymore in . The results found at this adaptation step are used for the next training 
step. 

 Fuzzification and the concept of fuzzy ROI: 
Any voxel carrying information should be in the ROI was derived, but that those with less information 
should be less in the ROI. A classical ROI is defined by the set of voxels it contains. The activity 

inside this ROI  is classically computed by:  
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Where  is the activity of the voxel . A fuzzy ROI Ω f is not defined by a set of voxels anymore but by a fuzzy 
membership function µ. This function provides the degree of membership, in [0; 1], of any existing voxel to the fuzzy 
ROI  . This leads to fuzzy ROIs which boundaries are not well defined and therefore fuzzy. The activity of a fuzzy ROI 
is computed as follows: 
                                               

 
With  being the number of voxels in the whole head model. This formalism makes it possible to weigh each voxel 
according to its relative contribution in the ROI, and as such, use efficiently the whole of the available information. The 
shape of this function µ Ω depends on the inverse model and the statiscal test used [12]. 

 
C. Working Of The Algorithm 
FuRIA is a generic algorithm as it is divided into different steps that can be used with different implementations for each 
of these steps. They chose to use sLORETA (standardized Low Resolution Electromagnetic TomogrAphy) as the inverse-
model due to its good localization properties using sLORETA, computing the activity in a fuzzy ROI can be done using a 
simple matrix product: 

                                  
Here, m is the vector of instantaneous measurements for each one of the  electrodes used, and  a matrix such 
that . Therefore, computing the activity in a fuzzy ROI is very fast [13]. 
 
VI. A SEMI SUPERVISED SUPPORT VECTOR MACHINES ALGORITHM. 
A. Parameters 
A semi supervised SVM was applied for translating the features extracted from the electrical recordings of brain into 
control signals. This SVM classifier is built from a small labeled data set and a large unlabeled data set [17]. It is seen 
that in selective two different brain states common spatial pattern (CSP) is very. However, CSP needs a sufficient labeled 
data set. In order to overcome the drawback of CSP, it suggests a two-stage feature extraction method for the semi 
supervised learning algorithm. Apply algorithm to two BCI experimental data set [14]. 
B. Methods 

 Dynamic CSP feature extraction:- 
To classify the normal versus abnormal EEGs [16] and find spatial structures of event-related (de-
)synchronization the common spatial patterns (CSP) is a method applied to EEG analysis. Two CSP features 
have been defined: (1) nonnormlized CSP feature (2) normalized CSP feature. The nonnormalized CSP feature 
is extracted directly from the covariance matrix of the raw or filtered EEG signal. The normalized CSP feature is 
extracted from the normalized covariance matrix of the raw or filtered EEG signal. 

 Dynamic power feature extraction and the two-stage feature extraction method:- 
The method is based on the following two facts: (1) the power feature extraction is not as dependent on sufficient 
labeled data set as CSP feature extraction; (2) the power feature is less powerful than CSP feature when the 
training data is sufficient. 

 Semi supervised SVM:- 
In this subsection, the semisupervised SVM introduced. Given a training set of labeled data 

 
Where   are the n dimensional features that have been labeled as  ; and a set of unlabeled data 

 
in , a semisupervised SVM was defined as: 

 
 

 
 

Where  is a penalty parameter, and are the slack variables that present the classification error of or . 
The semisupervised SVM can be reformulated as follows: 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org  

Volume 3, Issue 3, March 2014   ISSN 2319 - 4847 
 

Volume 3, Issue 3, March 2014 Page 408 
 

 
 

 
 

 Batch-mode incremental training method:- 
In this section the semisupervised SVM is extended. The division of the original unlabeled data set is done into 
several subsets, and marked them. Then mixed integer programming based on a subset. It is reasonable to 
assume that the users’ EEGs change gradually during the use of the BCI systems. The most confidently classified 
elements can be determined according to the distance between the element and the separating boundary. The 
criteria can be formulated as follows: 

 
Where, constant  is the distance threshold. The outline of the batch-mode incremental training method is 
as follows. Algorithm outline. Given two data sets: a labeled data set  , and an unlabeled data set  
Step 1: Equally divide the unlabeled data set Du into n subsets  (for the online condition, these 
subsets canbe collected at several time intervals); then take Dl as the initial training set and let  (i 
denotes the loop of the algorithm); next extract dynamic power feature from data set and . 
Step 2: Train an initial SVM classifier using the dynamic power features in . 
Step 3:Estimate the labels of  using the current classifier,then choose the most confidently classified elements   
using(7) and add them together with their predicted labels (we mark the most confidently classified elements 
with their predicted labels as set , to the training set  that is, next we denote the remaining 
elements of as Qi. 
Step 4. Run the mixed integer programming based on T and to get the labels of and adjust the parameters 
of the 
SVM classifier; then add  with predicted labels to  that is,   
Step 5.  if i is smaller than or equals to M which denotes the number of steps for dynamic.power 
feature extraction, extract dynamic power features from ; otherwise, extract dynamic   CSP features from  
Note that, for each loop, the transformation matrix of the dynamic CSP feature should be estimated again from 
the most confidently labeled elements of then use the new transformationmatrix to extract the dynamic CSP 
features from T again. Finally train a new SVM classifier based on the updated CSP features and their labels of 

. 
Step 6. If equals  terminate; otherwise, go back to Step 3.  
   

Additionally, since the size of the training set is enlarged during the training procedure, the penalty parameter C of the 
semisupervised SVM should adapt to this change. Thus, we extend the empirical formula for C introduced as: 

 
Where  denotes the loop. is the size of training set of the  loop.  is the size of unlabeled data set [15]. 
 
VII. COMPARATIVE ANALYSIS. 
The BCI is considered as pattern reorganization system and two main parts: feature extraction and classification. Several 
feature wavelet. Common spatial pattern, vectors have been studied. Section III introduces an algorithm that can extract 
the information regarding movement-related parameter:  speed.  The  LF  bands  of  movement-related  potentials 
recorded  by  EEG  were  exploited  using  a  highly  time-frequency-space  localized  algorithm  in order to extract 
features relevant to speed [5]. A Wavelet-CSP algorithm effectively localizes signal in  time,  frequency,  and  space  and  
provides  discriminative  features  for  classifying  speed. The filtered signals are also applied to reconstruct the speed 
profile [6]. Section IV describes the information on the local time-frequency structures of both prestimulation and post-
stimulation of VEP signal at higher resolution is given by the Adaptive Chirplet Transform technique than previously 
possible. . Only a small number of components were required to represent the entire VEP response. The adaptive 
spectrogram also yields an improved visualization of the time-frequency information contained in the signal. Technique 
of VEP estimation can serve as an alternative to conventional spectral analysis and band-pass filtering technique. Section 
V narrates a trainable feature extraction algorithm for Brain-Computer Interfaces (BCIs) called FuRIA (Fuzzy Region of 
Interest Activity). This algorithm is based on inverse models and makes use of the novel concept of fuzzy Region Of 
Interest (ROI). FuRIA can automatically find relevant fuzzy ROIs for discrimination as well as the frequency bands in 
which they react [11]. Section VI delineates a semi supervised SVM algorithm is presented for BCI systems, proposing at 
reducing the tedious and time-consuming training process. The advantages of algorithms are as follows.  It achieves a 
satisfactory generalization performance by using the unlabeled data, even when only a small set of labeled data is 
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available [14]. By dividing the whole unlabeled data set into several subsets and employing selective learning, the batch 
mode incremental learning method significantly reduces the computational burden for training the semi supervised SVM. 
 
VIII. CONCLUSION. 
This paper presents study of EEG based algorithms in brain computer interface in which different algorithms like 
Wavelet Common Spatial Pattern (WCSP), which approaches distinguish between two classes of EEG data based & the 
Adaptive Chirplet Transform and Visual Evoked Potentials which deals with frequency space, chirplets exist as revolved. 
Also a Novel Feature Extraction Algorithm which contains five types of analysis & a Semi supervised Support Vector 
Machines Algorithm are analyzed. 
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