
Spvryan’s International Journal of Engineering Sciences & Technology (SEST) 

ISSN : 2394-0905 

Issue 1 Volume 2 

Paper : 01 

Page 1 of 6 

Wigner Bi Spectrum and Support Vector Machine based Classifier for Multiclass 

Motor Imagination-BCI data 
 

 

Gauri Shanker Gupta 

Department of EEE 

BIT Mesra, Ranchi 

Jharkhand (India)-835215 

Email: gaurishanker74@gmail.com 

 

Ashwani Kumar Jha 

Department of Applied Mechanics 

BIT Mesra, Ranchi 

Jharkhand (India)-835215 

Email: ashwanijha@email.com 

 

Shikhar Kumar 

Department of EEE 

BIT Mesra, Deoghar Campus 

Jharkhand (India)-815142 

Email: kumar.shikhar15@gmail.com 

 

Abstract—This paper explores the classification of multiclass motor 

imagery for (EEG)-based Brain-Computer Interface (BCI) using 

Support Vector Machine classifier (SVM) with cross-validation 

technique following feature extraction by Wigner Bi-spectrum 

(WBS) technique.  We investigate the effectiveness of combination of 

WBS and SVM classifier. In this paper Simulated annealing 

optimization technique is also used to optimize the RBF Kernel 

parameters (C and Sigma) of the classifier. The study is conducted 

on the BCI Competition III dataset IIIA, which comprises 60 trial 

EEG data from three different subjects performing 4-class motor 

imagery of left-hand , right hand, foot and tongue actions. The 

results showed that the multiclass classification done by SVM 

classifier in conjunction with Simulated Optimization technique 

yielded the best performance on the evaluation data compared to 

other international submission. 

Keywords: Wigner Bi-Spectrum (WBS), Brain computer Interfacing 

(BCI), Support Vector Machine (SVM) and Radial Basis Function 

(RBF).  

 

I INTRODUCTION 

The brain computer interface (BCI) is a system which involves 

communicating and controlling the machine with the help of 

brain signal without depending in any way on the brain’s normal 

neuromuscular output channels. One of the prime motivating 

factors behind the wide research in this field is attributed to the 

fact that direct brain-computer interface would add a new 

dimension to man machine interaction. This would be helpful in 

the design of a user friendly and ergonomic system by means of 

innovative interfaces like faces recognition and voice 

identification. 

A limited amount of work has been reported on BCI competition 

III, dataset IIIA [1].  Guan et al. [2] worked on dataset-IIIA of 

BCI competition III and estimated classification accuracy result 

with the help of a technique based on the combination of 

Bayesian method and multiple SVMs. Xiaorong [3] also worked 

on same dataset. The author classified the data with combining 

SVM, KNN and normal densities based linear classifier and 

applied surface laplacian as pre-processing technique to the raw 

EEG signal for improving spatial pattern. 

For the present work, feature extraction method followed by 

SVM classifier with k-fold cross-validation techniques is used. In 

our study we have found that if the feature selection method like 

WBS is applied to the data, then it leads to high accuracy. Since 

power spectrum analysis is the best tool for analyzing random 

and deterministic signals. So it has been applied to wide range of 

signal characterization and classification problem. Wigner 

distribution involves greater time resolution as compared to other 

conventional spectrograms [4]. And bi-spectrum means that 

thorough spectral information about a signal. Further the extent 

of classification accuracy is improved when SVM classifier with 

cross-validation techniques are applied. Simulated annealing 

optimization technique is working as icing on the cake i.e. it 

improves not classification accuracy but also reduces the 

computational cost of classifier. 

 

 

 

II PRE PROCESSING TECHNIQUE 

Before applying the feature extraction technique, pre 

processing was applied to filter out the white noise from the 

signal. Firstly, Spatial filtering was applied on the EEG signal to 

remove the white Gaussian noise and then frequency domain 

filtering was applied to remove the unwanted signal like ECG 

eye blinking and other involuntary motor imagery action, and 

extract out signal for left, right, tongue, foot motor imagery 

action which is present between 8-13Hz (alpha band). These 

processes followed for the same are mentioned below: 

 

1. Spatial Filtering- It maximizes the signal to noise ratio. 

According to Mcferland et al. [5] the most efficient spatial 

filter is Large Laplacian filter. In Laplace filter the estimation 

of second order differentiation was achieved through 

subtracting the mean activity of the surrounding electrodes 

from the channel of interest as 
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Where, Vi
ERrepresents the potential difference between the 

channel of interest and reference electrode.  

In large Laplacian the surrounding electrode Si is the next 

neighbor electrode. The parameter 𝑑𝑖𝑗  represents the distance 

between the surrounding electrode and the channel of interest 

(i.e. inter electrode distance). 

 

 
 

Figure 1- Electrode Placement during recording of EEG data (BCI 

competition III data set IIIA) 

 

 

The algorithm of spatial filtering is outlined below: 

a. Single trial epochs (for single trial duration for BCI 

competition III data set IIIA is 7.5 seconds see fig.2) was 

selected at a time and the three channels C3, C4 and Cz 

electrodes were selected 

b. The mean activity of the electrodes 

{26,30,10,46},{29,13,49,33} and {32,36,16,52} surrounding 

i.e. the next neighbors (figure1) of C3, C4 and Cz,  

respectively was calculated by∑ (

1
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represents data i.e. the potential difference of the above 

mentioned electrode (surrounding electrode) and ear 

reference.    

c. The large Laplacian was calculated by subtracting the 

potentials of C3, C4 and Cz channels to the mean activity 

evaluated in above step. 

d. Each step was repeated for 60 trials, four classes (left, right, 

foot, tongue motor Imagery action) and for four subjects 

(k3b, k6b and l1b).  

 

Applying the above algorithm, the signal to noise ratio is 

increased but the unwanted signal for eye blinking, ECG and 

other involuntary motor imagery action could be removed by 

frequency filtering.   

 

2. Frequency Filtering- The output of the spatial filtering was 

now put to the input of frequency filter. According to BCI 

competition data set, the sampling frequency was 256 Hz, 

which was down sampled to 16 Hz to limit the data point by 

windowing the signal in frequency domain by taking the 

window of 50% overlapping. This removes the unwanted 

noise and the frequency band responsible for left hand, right 

hand, foot and tongue motor imagery (MI) action lies between 

8-13 Hz (alpha band).  

Figure 2- Timing of the Paradigm. 

 

 

The algorithm of frequency filtering is outlined below: 

a. Fast Fourier transform(FFT) of the output of the Spatial filter 

was evaluated of C3,C4 and Cz electrodes for a single trial 

epoch (7.5 seconds).    

b. The data point for 0 to 16 Hz was windowed by using 50% 

overlapping window of size 1 second from 0 second to 7.5 

second. Overlapping window extracts more features from 

EEG signal.  

c. Inverse Fast Fourier transform (IFFT) of the output of the 

window method (step b.) was evaluated and the data point 

1920 for 3 channels was reduced to 120 data for each 3 

channels for a single trial epoch. Hence, the remaining trials 

were evaluated by following the same procedure and the 

output for remaining (59 trials) came to be 7200 data for 3 

channels.  

 

 

III FEATURE EXTRACTION 

Wigner Bi Spectrum (WBS) –WBS is the extension of 

Wigner Ville Distribution. Wigner Ville distribution is time 

frequency energy distribution of a non stationary signal [6]. It 

increases the time resolution of the signal. Higher order statistics 

evaluates the third order cumulant of the power spectrum, which 

is known as power spectral density. WBS [7] is combination of 

higher order spectra and the time frequency distribution. It is the 

second order time frequency or the third order cumulant method 

applied on non stationary, non linear and non Gaussian signal, 

which EEG signal is one of the types. It is evaluated by taking 

the Fourier transform of the appropriate third order multiplicand 

of the input signal, which is given by: 
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𝑟3(𝑡, 𝜏1, 𝜏2) = 𝑥∗(𝑡 − 𝛼𝜏1 − 𝛼𝜏2)𝑥(𝑡 + 𝛽𝜏1 − 𝛼𝜏2)𝑥(𝑡 + 𝛼𝜏1 −
𝛽𝜏2)                                                                                   (2) 

Where, α=1/3 and β=2/3 and t, τ1and τ2 are the instances.  

 

The WBS was given by  

𝑊𝐵𝑆(𝑛, 𝑓1,𝑓2) = ∬ 𝑑𝜏1𝑑𝜏2𝑒−𝑗2𝜋(𝑓1𝜏1+𝑓2𝜏2)𝑟3(𝑡, 𝜏1, 𝜏2)    (3) 

In the above equation (3) 𝑓1, = 𝑓2 was taken. The WBS was 

evaluated on the preprocessed data on C3, C4 and Cz electrodes 

for event related synchronization (ERS) and event related 

dsynchronization (ERD). Square Norm which is defined as the 

square of absolute of the WBS amplitude was taken for in alpha 

band of frequency and then summation of result was taken and 

then evaluated square root was taken and further divided by 

length of alpha band of frequency and then the time domain 

resolution was averaged to evaluate the feature vector which is 

given by 

 

 

𝑟𝑗
𝑖 = 1/𝑇 ∑ 1/𝐹 √∑ 𝑊𝐵𝑆(𝑡, 𝑓, 𝑓)2𝑓2

𝑓=𝑓1

2𝑡2
𝑡=𝑡1

                       (4) 

 

Where, F is taken as 𝑓2 − 𝑓1  which lies in the alpha band of 

frequency and T is time period of a single trial epoch selected 

which in this case was taken as trial time 𝑡2 − 𝑡1 = 7.5 second. 

Algorithm of WBS 

a. For a single trial epoch (7.5 seconds) and one channel the 

triple product was calculated by equation 2 by taking t,τ1, τ2 

as the number of data points (120 data points) in  each trial 

after preprocessing of the data. 

b. Fast Fourier Transform (FFT) of the triple product was 

evaluated to give WBS. 

c. Feature Vectors (consist of 60 features) was evaluated by 

equation 4 for jth trial and ith channel. 

d. The above method was repeated for remaining trials (i.e. 59) 

and channels {C3, C4, Cz}  

 

 

IV CLASSIFICATION 

The goal of classification is to assign EEG trials to the classes of 

associated mental tasks. Feature vectors extracted from the above 

mentioned procedure were classified by SVM classifier. 

Procedure carried out to perform the classification of feature 

vectors are outlined below: 

1. Total number of feature vectors obtained after applying WBS 

feature extraction method is three. So the number of nodes 

present in input layer is three. 

2. For training the network, we apply training feature vectors to 

the input nodes and then test data, which is to be classified, 

were applied to input nodes. 

3. The SVM classifier with cross-validation techniques is used 

to distinguish the one motor imagery action from others. 

4. To increase the performance of classifier, a non linear kernel 

RBF is used [8]. 

5. Tuning of SVM classifier is done by setting the parameters of 

RBF (C and Sigma) in such a manner that causes increased in 

classification accuracy. 

6. Initially the value of C and Sigma were set with default value 

and it changes after cross-validating the classified result. 

7. Simulated Annealing optimization technique is used to find 

the best RBF parameters C and Sigma [9]. And thus the 

classification of features vectors has done with remarkable 

classification accuracy. 

SVM CLASSIFIER 

It is non-parametric unsupervised learning algorithms based on 

statistical learning theory [10]. It is recently gained wide 

prominence in the field of machine learning and pattern 

classification among the research community. One of the prime 

reasons for the popularity of SVMs is related to its ability to 

generalize for testing and unseen data. The original input data 

space is mapped into a feature space. The support vector machine 

is trained to classify new data and predict the accuracy of 

classification. We trained SVM with the given set of input data, 

which is in the matrix forms.  

Let the training sets be (xi, yi) , where i = 1, 2, 3 ... n and xi є Rm 

and target sets y є {1, -1}n. Here the SVM require the solution of 

following optimization problem which is further optimized by 

Simulated Optimization techniques. 
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i bxwwy   1))((  where ξi  0. Here xi are 

mapped into higher dimensional space by the function ϕ. For 

error term the penalty parameter C > 0. 

Likewise for different motor imagery actions, we have different 

set of matrices categorized into four different classes, which is set 

to be for training data of SVM. So to separate the test data into a 

feature space, we have hyperplane as a useful separating 

criterion. In this paper the hyperplane is implemented by radial 

basis kernel (radial Gaussian kernel) function expressed as 

below: 

𝑘(𝑥, 𝑧) = 𝑒
−||𝑥−𝑧||2

2𝜎2                                                           (5) 

The performance of SVM classifier depends upon the selection of 

regularization parameter C and the kernel parameter sigma. This 

parameter was chosen on the basis of cross-validation technique 

[11] in which test-data (which is to be classified) is validated by 

training data. If cross-validation is of k-folds then the training 

data (in the form of matrix) is divided into k (here k=10 for our 

study) subsets. Thereafter test-data which is to be classified get 
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validated through all folds of training data matrices. This cross-

validation causes to retrieve best Gaussian kernel parameter. But 

among all these values, we have to reject spurious minimum 

value and find best possible value to get high classification 

accuracy. The values of C and Sigma will be adjusted to achieve 

the optimized output.  

In this paper, Simulated Annealing (SA) optimization technique 

is preferred on genetic algorithm as it provides better 

performance and hence, it is less cost effective [12]. In SA first a 

domain is set, to search optimum value within it. Gradually we 

increase the size of domain. Initially it was set at (-2, 2) and 

increases up to (-5e-4, 5e-4). This process of searching is done 

periodically and new radius of domain is set after each iteration. 

 

V RESULTS & DISCUSSION 

In this study, the performance of classifier is validated through 

different evaluation metrics such as ROC (Receiver Operating 

Characteristics) plot [13], sensitivity, specificity and kappa 

coefficient. It is to be noted that measurement of performance of 

classifier indicates the extent of cost-effectiveness and robustness 

of classifier.  

Classification performance can be assessed by using any one 

threshold metrics mentioned above. We can estimate the success 

of classifier by evaluating confusion matrix. The confusion 

matrix consists of information about actual classification and 

predicted classification done by a classifier. The output data is 

analyzed from application sensitivity (True Positive Rate) and 

specificity (True Negative Rate), which is calculated using 

confusion matrix. Here TPR may be defined as the proportion of 

positive cases that were correctly identified by classifier, TNR is 

the proportion of negative cases that were correctly identified by 

classifier, False Positive Rate (FPR) may be defined as the 

proportion of positive cases that were incorrectly classified and 

False Negative Rate (FNR) is the proportion of negative case that 

were incorrectly classified by the classifier. Thus sensitivity, 

specificity and kappa are calculated as given below: 

Sensitivity = 
FNTP

TP


  

 Specificity = 
FPTN

TN


 

Cohen's Kappa Coefficient 

e

0

P-1

P
 =K eP

 
Where,  Po = number of correct classification / number of trials 

and Pe = 1 / m    (m indicate the m class problem) 

 

ROC is a plot of TP versus FP, which illustrate the ability of 

discrimination of classifier. This curve provides following 

significant information: 

1. It demonstrates the relation between specificity and 

sensitivity i.e. increases in sensitivity causes decrease in 

specificity. 

2. If the curve is very close to upper left and top border then we 

can say test is more accurate. 

3. The area under curve represents classification accuracy.  

 

It should be noted here that the ROC curve would give the extent 

of accuracy of classifier whereas the accuracy table would 

describe the amount of data, which is correctly classified. 

Table 1 represents the classification accuracy of proposed 

classification technique preceded by WBS feature extraction 

method. For most of the cases, the proposed procedural step of 

classification in combination with WBS feature extractor method 

achieves better classification accuracy compared to other 

approaches [14]. 

 
Table 1: Classification accuracy of BCI competition III, dataset IIIA of 

different three subjects K3b (Beginner), K6b (Experienced) and L1b (Less 

experienced) containing four classes (i.e. four types of different motor 

imagery action) data. 

 
Subjects Class Total no. of 

rows 

No. of rows 

correctly 

classified 

Accuracy 

(%) 

K3b Class 1 1000 810 81.00 

Class 2 992 797 80.34 

Class 3 1020 808 79.21 

Class 4 956 767 80.23 

K6b Class 1 1020 897 87.94 

Class 2 1000 900 90.00 

Class 3 1000 890 89.00 

Class 4 1000 900 90.00 

L1b Class 1 958 814 84.96 

Class 2 957 813 84.95 

Class 3 1020 867 85.00 

Class 4 992 833 83.97 

 
Table 2: Summary of evaluated metrics and performance charts of three 

subjects (K3b, k6b and L1b). Standard error, Sensitivity, Specificity and 

Cohen's kappa coefficient calculated value. 

 

Subjects Class Stderr Sensitivity Specificity kappa 

K3b Class 1 0.300 0.797 0.795 0.74 

Class 2 0.404 0.813 0.820 0.85 

Class 3 0.403 0.832 0.835 0.88 

Class 4 0.290 0.788 0.781 0.81 

K6b Class 1 0.175 0.898 0.895 0.68 

Class 2 0.428 0.917 0.908 0.72 

Class 3 0.133 0.816 0.816 0.66 

Class 4 0.152 0.923 0.909 0.77 

L1b Class 1 0.263 0.876 0.868 0.78 

Class 2 0.184 0.825 0.825 0.73 

Class 3 0.108 0.814 0.813 0.81 

Class 4 0.060 0.802 0.802 0.79 

 

In Table 2, we investigate the subject-wise classification of BCI 

competition III, dataset IIIA through WBS feature extraction 

method followed by SVM classifier with k(k=10) cross-

validation technique. The RBF kernel function is employed for 

SVM as an optimal kernel function. It has two parameters gamma 
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and Sigma which would be optimized though simulated 

annealing optimization technique. The best classification results 

are obtained for subject K6b. This is in correspondence with the 

fact that the subject K6b is experienced. 

 

Table 2 describes the summary of different performance metric 

of classifier. Artifacts such as, eye blink potential and heart beat 

noises are removed from the given dataset through WBS feature 

extraction method which enhance the performance of classifier. 

In average the classification accuracy is about 85% which is 

superior performance of the proposed classification technique 

than simple SVM classifier. 
 

In the figure 3, we can analyze classification approach. The ROC 

plot describes the extent of classification accuracy of classifier 

prior to different motor imagery action. In this plot classification 

of different motor imagery action (left hand, right hand, foot and 

tongue) are plotted by four different colored curves. Area under 

this curve will give the classification accuracy. If this curve 

touches top left and side left boundary, then the classification 

accuracy is said to be more perfect. 

Felix lee et.al [15] also worked on same dataset (BCI competition 

IIIA) and obtained classification accuracy is around 89%. They 

used Common Spatial Pattern (CSP) filtered dataset and 

Adaptive Autoregressive Parameters as a preprocessing 

techniques followed by SVM (with 10-fold cross validation) as 

classification techniques. The presented methodology using WBS 

as feature extraction along with SVM classifier shows 

comparable classification output as and thus it can be concluded 

that the approach adopt for classifying the BCI data in our study 

is quite intuitive, efficient and fast. We already show that the 

proposed method of classification significantly outperforms other 

pattern classification techniques like SVM, K-Nearest Neighbor 

method and Backpropagation training method for classification.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: ROC plot of proposed classification approach used in this paper. 

Along X-axis False positive rate and along Y-axis True positive rate is 

labeled. 
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