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ABSTRACT 

A Brain-Computer Interface (BCI) system allows one to communicate without any overt muscle movement. 

Electroencephalogram (EEG) is one of the most popular techniques to record brain activity. This paper proposes the multi-

level voting method to classify brain activity depicting different types of imagery motor activity (Left Hand Movement, 

Right Hand Movement, Left Leg Movement and Right Leg Movement). The features were calculated using cross 

correlation. For multi-class classification, one verses rest approach was used. Four sets of classifiers were trained for each 

of the EEG channels and majority vote was calculated to get final class designation.  The average classification accuracy of 

86% was obtained. 
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1. INTRODUCTION 

Brain-computer interfaces (BCIs) are useful for 

the people to communicate with an electronic device by 

either measuring electric signals or magnetic signals which 

are generated in the brain’s nervous system using 

Electroencephalography (EEG) and these signals are used 

to analyze the intention of a user. Among the EEG-based 

BCI systems, the most popular are based on EEG signal 

changes in association with imagination of different types 

of movements  like thinking about moving the legs, arms, 

hands, or rotating an object [1]. Because motor imagery 

(MI) can trigger neuronal activities in most areas related to 

sensorimotor movement in a very similar way as the real 

executed movement, if it is properly decoded, these 

neuronal signals can be used as control signals to reflect a 

subjective movement-related mental state of a user directly 

without inducing the factors located outside. During the 

past decade, lot of research is taking place in utilizing 

electroencephalogram (EEG) signals for non-invasive 

motor-imagery BCI (MI-BCI) systems, as they are easy to 

use, low cost and widely available. 

EEG signals that are recorded during motor 

imagination tasks exhibit specific features in both spatial 

domain and spectral (or frequency) domains [1], [2].There 

are several spatial and spectral processing methods in the 

literature to extract the most discriminant features from the 

EEG signals. Similarly, to analyse MI EEG signals, 

several analysis methods are proposed for classification of 

two or more MI classes, e.g., imaginary movements of the 

left hand, right hand, tongue, and foot. The most famous 

one is the common spatial pattern (CSP) method [3].  

Discrimination algorithms are said to be the core 

of an MI BCI system. They are mainly divided into three 

categories, time-domain based, Frequency Domain-

based and Time-Frequency domain based. The time 

domain based algorithms focus on the changes in signal 

over time whereas frequency domain based signals focus 

on how much a signal lies in a given frequency range and 

the third type, Time-Frequency based algorithms focus on 

both time and Frequency simultaneously. Frequency 

domain based algorithms are mainly applied to detect MI 

signals as they extract frequency factors during any MI 

task to take a decision.  Different frequency properties are 

exhibited by different MI tasks and we can find useful MI 

EEG signals in the frequency range of 0.1-40Hz. using this 

band, we can differentiate different MI tasks. Most 

regularly used parameters are power spectral density, band 

power estimation, wavelets and brain rhythm frequency. 

 

2. EXPERIMENT 
 

A. Data acquisition 

The EEG data was recorded using 24-channeld 

EEG machine manufactured by NCC medical corp., 

China. The 24 EEG channels were arranged in standard 

10-20 system around the scalp. The EEG signals were 

amplified and sampled at 128 Hz. A notch filter at 50 Hz 

was applied for line noise removal. The raw data was 

stored in system native in .NED format which were 

subsequently converted to a .txt file for further processing 

using software supplied by the NCC medical.  

 

B. Experimental setup 

The subject is seated in a comfortable chair 

wearing an EEG cap as shown in the Figure-1.  

 

 
 

Figure-1. Experimental setup. 

 

We have total ten subjects; normal healthy young 

adults (mean age 21 years). The subject is shown a stimuli 
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on the LCD monitor placed approx. 2 feet in front of 

him/her. The stimulus consists of images of hands and legs 

which appear in four boxes. The images of hands will 

appear in top row of boxes and images of legs will appear 

in the bottom row of the boxes. Only one image will 

appear at a time.  

When an image of hand appear in the left box 

(Top row), the subject has to imagine the movement of left 

and when an image of leg appears on the left box (Bottom 

row), the subject has to imagine the movement of left leg. 

The subject has to imagine movement of hand and leg of 

right side when stimuli appear on the right side of boxes. 

The figure.2 shows the stimuli shown to the subjects. 

 

 
 

Figure-2. Stimulus. 

 

Each of this imagery activity is called a trial and 

there are total 50 trials for each of the hand and leg 

movement making total of 200 trials. Each trial is of the 

duration of three seconds followed by three seconds of rest 

or relaxation period. The experimental design was 

controlled by Psychtoolbox in Matlab. Matlab was used 

for all subsequent data processing. 

 

3. METHODOLOGY 

The processing or analysis of the EEG data for 

motor imagery signals can be divided into three parts, pre-

processing, feature extraction and classification. The pre-

processing part includes segmentation and filtering of 

signals. In feature extraction part, the features were 

calculated from EEG signals using cross-correlation 

method and finally in classification stage, the features 

were used to train the classifiers. This study employs the 

10-fold cross validation to estimate the performance of the 

classification method.  

 

A. Pre-processing 

The acquired EEG data is in the form of twenty 

four continuous signals. This data is segmented into four 

types using the time stamps corresponding to the imagery 

motor activity. The data is filtered using a band-pass FIR 

filter with the frequency range 8-30 Hz. This frequency 

band contains alpha and beta waves which are associated 

with imagery motor activity. To remove artifacts such as 

eye blinks and muscle movements, a moving average filter 

is also applied. 

 

 

 

B. Features extraction 
Earlier studies on EEG motor imagery signals 

reported that the multichannel EEG signals are interrelated 

and are in coherence with each other. And these signals 

from different places on the scalp does not contain same 

amount of information [4], [5]. The EEG signals that 

belong to the same mental activity produces the similar 

signals than the ones belong to the different types of 

mental activity. So, it is possible to distinguish EEG 

signals produced from different types of mental activity 

based on similarity. One of the recent study implemented 

multiclass classification using cross correlation [6]. The 

similarity between two signals can be observed by using 

cross-correlation. The cross-correlation between two 

signals is calculated by 

 𝑅 [𝑚] =  ∑ [𝑖] [𝑖 − 𝑚];  𝑁−|𝑚|−
𝑖=  ℎ𝑒𝑟𝑒 𝑚 =  − 𝑁 − , − 𝑁 − , … … . , , , , … … 𝑁− , 𝑁 −  

 

Here Rxy [m] is the cross-correlated sequence 

with m lag. If each of the signals, x and y, consists of M 

finite number of samples, the resultant cross-correlation 

sequence has 2M-1 samples.  The result signal is then used 

to compute features. In this study, we used statistical 

features of the cross-correlogram to classify motor 

imagery. 

 

C. Classification 

The statistical features of a cross-correlogram 

were used as features to classify imagery motor activities. 

This feature extraction method relies on the similarities or 

dissimilarities between two signals.  As such, to use this 

method to classify between four motor imagery activities, 

‘one verses rest’ approach is used. The ‘one verses rest’ 
approach is popular approach in multiclass classification 

as it reduces the multiclass classification into a set of 

binary classifications 

The classification approach implemented in this 

study is multilevel voting or stacked voting approach. The 

features extracted using cross-correlation method will give 

separate features for each of the EEG channel data. As 

reference signal, the mean of all the trials was used. As the 

amount of information carried in each of the channel data 

is different, we decided to train classifiers for each of the 

channel individually. Additionally, for each channel data, 

five classifiers were trained.  These five classifiers were 

Support Vector Machine (SVM), K-Nearest Neighbours 

(KNN), Linear Discriminant Analysis (LDA), Naïve 

Bayes (NB) and Binary Decision Tree Classifier. The 

classifiers were trained for each of the motor imagery 

activity and for each channel resulting twenty four sets of 

classifiers (Five classifiers each) for each of the Imagery 

Motor activity. The trial data which was not used in the 

training part will be used to test the accuracy of the 

classification model. The trial data will be processed into 
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four parallel streams each belongs to different types of 

imagery motor activity.  

In each stream, all the EEG channels will be 

cross-correlated with the reference channels and statistical 

features are calculated. These features will then be used to 

get the class predictions using all the trained classifiers for 

that particular Motor Imagery activity. As we have trained 

five classifiers for each of the EEG channel data, total 

three levels of voting is performed. First, the majority 

voting will be counted for the five classifiers resulting 

twenty four class labels one for each channel data. 

Secondly, the voting will be calculated among these 

twenty four class labels to get the class label for the 

particular stream. Thirdly, as we are using ‘one verses 

rest’ approach, the process will be repeated for total four 

times as we have four classes of Motor imagery activities 

to be classified. These will result into four class 

predictions and the final class designation for the trial data 

will be calculated by the final voting process. 

 

 
 

Figure-3. EEG data training and testing process. 

 

4. RESULTS 

For better estimation of classification accuracy, 

10-Fold cross validation technique was used. Figure-3 

depicts the classification accuracies for the ten subjects.  

The performance of the system was observed to be 

consistent over the several subjects. The average 

classification accuracy was 86 ± 5%. The classification 

results can be better estimated and analysed using the 

confusion matrix. The confusion matrix for one of the 

subjects is shown in Table-1. Confusion matrix is basically 

a summary of the performance of the classification 

algorithm. It helps in determining the areas where your 

classification algorithm excels or struggles. The rows of 

the matrix suggest the actual class while the columns 

suggest the predicted class. For example, in Table-1, the 

second row of the column titled “No Activity” depicts that 

the data belongs to Left Hand activity has been classified 

as No Activity for total 4 times by classification algorithm. 

From the confusion matrix, we can conclude that while 

there are few misclassifications, most of these 

classifications came from an activity classified as no 

activity. The main reason behind this might be the tie 

between two or more classes at the time of voting. It was 

decided that the classification as no activity is better than 

the misclassification for different activity; any ties 

between the classes will be result in trial being classified 

as ‘No Activity’. 
 

 
 

Figure-4. Classification accuracies. 
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Table-1. Confusion matrix. 
 

 
No activity Left hand Right hand Left leg Right leg Total 

No activity 0 0 0 0 0 0 

Left hand 4 44 1 0 1 50 

Right hand 6 2 41 1 0 50 

Left leg 5 1 1 43 0 50 

Right leg 4 1 1 0 44 50 

 

The Figure-5 depicts the comparison of 

classification accuracies from some of the recent studies 

[7], [8], [9], [10]. 

 

 
 

Figure-5. Comparisons of classification accuracies. 

 

5. CONCLUSION 

 

The classification algorithm based on multi-level 

voting was implemented to classify four types of imagined 

motor movements. The multiple levels of voting has 

shown improved performances as well as majority of 

misclassifications are due to equal number of votes to 

multiple classes and hence rendered the  trial as belongs to 

no activity trial. The comparison between accuracies of 

recent studies shows that the classification method 

performs decently well even though Liu at al. performed 

better (87 % classification accuracy Verses 86 % 

Classification), the difference in classification accuracy is 

little. The future scope of this study may be the 

implementation of stacked classifiers in order to get 

improved classification accuracy 
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