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Abstract— This paper presents a comparison of 
Electroencephalogram (EEG) signals classification for Brain 
Computer-Interfaces (BCI). At present, it is a challenging task 
to extract the meaningful EEG signal patterns from a large 
volume of poor quality data and simultaneously with the 
presence of artifacts noises. Selection of the effective 
classification technique of the EEG signals at classification 
stage is very important to get the robust BCI system. Support 
Vector Machine (SVM), k-Nearest Neighbour (k-NN), Multi-
Layer Perceptron Artificial Neural Network (MLP-ANN) and 
Logistic Regression (LR) were evaluated in this paper. A BCI 
competition IV - Dataset 1 is used for testing the classifiers. It 
is shown that LR and SVM are the most efficient classifier with 
the highest accuracy of 73.03% and 68.97%. 

Keywords—Brain-computer Interfaces, 
Electroencephalogram, Support Vector Machine 

I. INTRODUCTION

A Brain Computer-Interfaces (BCI) aims to provide an 
alternative communication system that gives human brain a 
way to control a machines or devices without involving any 
muscle movements. BCI converts electroencephalography 
(EEG) signals generated from brain activity into control 
command using machine learning technique [1-3]. BCI can 
be highly benefitted for those who are suffering a 
neuromuscular disease by using their brain thought to access 
multiple tasks such as controlling computer, accessing 
communication and means of research. Moreover, based on 
nowadays technologies a computer can control various 
electronic devices such as wheel chairs, doors, lights and 
home appliances[2]. Although in the early stage BCI have 
been studied for the main objective of providing assistive 
technologies for those with severe disabilities to improve 
their quality of life. However, due to the rapid improvement 
of computer and biosensor technologies it has gained 
attention to other non-medical applications such as to control 
smart mobile phone personal computer and smart home for 
healthy users [3, 4].     

*Research supported by the Fundamental Research Grant Scheme 
(FRGS), Ministry of Higher Education, Malaysia (Grant No. FRGS/1/2015/ 
ICT02/UNIMAP/01/1). 

General BCI consist of five different phases. The first 
phase is brain activity measurement, second phase is 
preprocessing, third phase is feature extraction, fourth phase 
is classification and final phase is control interface which 
converts the classified signals into meaningful information 
for devices such as computer or wheelchair [1, 5]. Features 
that obtained from the feature extraction stage were 
classified  

using classification technique and at this stage, a choice of 
good discriminative features is very important for getting 
effective classification result that reflect the user’s intentions. 
There are no specific approach to compare the results 
between different techniques due to different experiment 
settings and different environments. However, studies have 
shown that various factors such as preprocessing, feature 
extraction and classification stage are most important part 
that highly influence the performance accuracy. It is very 
important to determine the appropriate technique in these 
stages to get a high accuracy results [6, 7]. 

This paper compare four different machine learning 
technique that commonly used in BCI classification.  
Support Vector Machine (SVM), k-Nearest Neighbor (k-
NN), Multi-Layer Artificial Neural Network (MLP-ANN) 
and Logistic Regression (LR) are selected to be used in this 
experiment. The objective in this paper is to find the most 
efficient classifier for motor imagery BCI. The classifiers are 
evaluated using BCI competition IV- dataset 1 [8, 9]. 

II. CLASSIFICATION OF EEG SIGNALS

A. SVM 
In 1963, Support Vector Machine (SVM) algorithm was 

proposed by Vapnik by constructing linear classifier. 
However, in 1992 Boser, Guyon and Vapnik proposed a 
procedure to develop a nonlinear classifiers by using the 
kernel trick to maximum-margin hyperplanes [10]. The 
algorithm is almost similar except for dot product is replaced 
by a nonlinear kernel function enables the algorithm to fit the 
maximum-margin hyperplane in a transformed feature space. 
The classifier may be nonlinear in the original input space 



although it hyperplane in the transformed feature space. 
SVM algorithm still performs well if enough samples are 
provided but it is known that working in a higher-
dimensional feature space can cause higher generalization 
error of SVM [11]. This experiment implements John Platt's 
sequential minimal optimization algorithm for training a 
support vector classifier. This implementation globally 
replaces all missing values and transforms nominal attributes 
into binary ones. It also normalizes all attributes by default 
[12, 13]. For a multi-class case, pairwise classification is 
used to solve the problems[14]. 

B. k-NN
k-Nearest Neighbour (k-NN) algorithm is a 

nonparametric method that utilize for classification and 
regression. k-NN approach is widely use in supervised 
learning classification and very well studied in the machine 
learning problems. Nearest neighbour classifier assign a 
feature vector to a class based on its nearest neighbours and 
if the feature vector is from the training set, it is called as k-
Nearest Neighbours (k-NN) classifiers [15]. k-NN is not very 
popular in BCI research because of the dimensionality of the 
feature vector sensitivity. However, k-NN has been proven 
to be efficient with low dimension of feature vectors and also 
has been tested in a multiclass environments [1].This 
experiment using k-NN algorithm which able to select an 
appropriate value of k based on cross-validation and has 
ability to do distance weighting [13]. 

C. MLP-ANN 
 Artificial Neural Network (ANN) is a non-linear 
classifiers widely used in variety of disciplines such as 
physics, computer sciences and neuroscience. ANN 
construct from a large of interconnected elements called 
neurons. Each neuron in ANN imitates the biological neuron 
and is able to perform classification tasks. Multi-Layer 
Perceptron Neural Network (MLP-NN) is extensively be 
used neural network structure. It has three layers (input layer, 
hidden layer and output layer) and backpropagation 
algorithm is used for training neural network. MLP-NN is 
able to provide a useful procedure for motor imagery 
classification. MLP-NN is very flexible classifier that can 
classify any number of classes and adapt to various kind of 
problems[1]. 

D. LR
 Logistic regression (LR) is a classifier for building 
linear logistic regression models. To fit the logistic models, 
simple regression functions as base learners is used in 
LogitBoost algorithm. The most favorable number of 
LogitBoost iterations to perform is cross-validated, which 
leads to automatic attribute selection [16]. Logistic 
regression evaluates the relationship between the dependent 
variables and independent variables using a logistic function 
by estimating probabilities. It was widely used in medical 
and social sciences. 

III. MATERIALS AND METHODS

A.  BCI competition IV - Dataset 1 
The BCI dataset used in this analysis is BCI competition 

IV dataset 1 provided by Berlin BCI group. The datasets 
consists of two classes of motor imagery data (left hand, 
right hand, foot). These datasets were recorded from four 
healthy subjects and three artificially computer generated 
subjects. Only four real subject data are use in this 
experiment. Dataset 1 contains of continuous signals with 59 
channels. Two classes of motor imagery were selected from 
three classes for each subject. In calibration session, data are 
provided with complete markers. These markers indicate the 
corresponding target classes and the time points of cue 
presentation. Arrows pointing left, right, or down were 
presented as visual cues on a computer screen for the first 
two runs of calibration data. It takes 4 seconds to finish a 
task when subject was instructed to perform the cued motor 
imagery task. These periods were interleaved with 2 seconds 
of blank screen and with 2 seconds of fixation cross shown 
in the screen. The fixation cross was lay over another on the 
cues. Each subject performed a total of 200 motor imagery 
tasks. Evaluation session followed a different procedure and 
comes without a complete target markers therefore it was not 
used in this experiments [8, 9, 17] . Table 1 summarizes BCI 
Competition IV - dataset 1. 

TABLE I. BCI COMPETITION IV - DATASET 1 

Type Motor Imagery

Subject 4 (healthy subject)

Channel 59 EEG channels

Class 2 classes
(left hand,right hand and foot)

Frequency 100Hz/1000Hz

Size 85.8MB/857MB

Time ±30 minutes for each subject

Equipment BrainAmp MR plus

B. Fast Fourier Transform (FFT) 
 Fourier analysis converts signals from time domain 
to frequency domain. Fast Fourier transform (FFT) 
algorithm calculates Discrete Fourier transform (DFT) of a 
sequence. FFT quickly calculate the transformations by 
factorizing the DFT matrix into a product of sparse factors 
and produces exactly the same result as DFT. The difference 
is that FFT is much faster than DFT. The N-point DFT of N-
point sequence }1,...,1,0,{ nnxn  is defined by 

1,...,0
1

0

2 NkexX
N

n

Nkni
nk                 (1) 

where k  is the current frequency and kX is the energy of 
the current frequency k [18].  



C. Experimental Setup 
  Classification of BCI experiments were 
carried out using the BCI competition IV – dataset 1. The 
dataset was preprocessed using EEGLAB [19, 20]. Only 11 
channels (FC5 FCz FC6 C5 C3 Cz C4 C6 CP5 CPz CP6) 
which related to the most prominent electrode location for 
left/right hand and foot movements are chosen to be 
preprocessed [21]. The raw EEG data was processed using 
Fast Fourier Transform (FFT) to extract the selected 
features. The values obtained were formatted in Attribute-
Relation File Format (ARFF). This file format will be used 
as an input file for the WEKA data mining tool [13]. Each 
subject in the dataset was classified using machine learning 
classifier available in WEKA. During the classification 
process, the classifier was trained to classify 0 or 1 values as 
correctly classified. In all experiments, 10 fold cross 
validation with 10 times repetitions are used. Default 
parameter values as implemented in WEKA are used for all 
the experiments. 

D. Result and discussion 
The results from classifying the BCI data for all four 

subjects with four classifiers are presented in Fig 1. For S1, 
the highest accuracy was obtained with LR (66.78%) 
followed by SVM (65.80%), ANN (61.60%) and k-NN 
(54.40%). For S2, although accuracy of all techniques are 
degraded compared to S1 but still the highest accuracy was 
obtained with LR (55.36%) followed by SVM (63.66%), 
ANN (52.80%) and k-NN (47.81%). For S3, accuracy of all 
classification techniques is increased compared to S2. 
However, the trends still same with S1 and S2. LR gives the 
highest accuracy (62.39%) followed by SVM (59.93%), 
ANN (58.77%) and k-NN (51.84%). For S4, although the 
trend is similar with S1, S2 and S3 however the classification 
accuracy of all techniques achieved the highest results. LR 
gives (73.03%) followed by SVM (68.97%), ANN (66.42%) 
and k-NN (56.71%). Figure 1 shows the performance 
comparison of each subject.  

      

Fig. 1. Performance Comparison of four subjects using SVM, k-NN, MLP-NN and LR 

Based on the results LR and SVM seemed to be good 
choices of classifier, however it is depends to the features as 
mentioned by Sohaib et al. The accuracy also can be 
improved for some technique such as k-NN and ANN when 
highly correlated feature were used, while degraded for 
others [6].

IV. CONCLUSION 

This paper has evaluated four different machine learning 
techniques of classifier using motor imagery dataset 1 from 

BCI competition IV. Support Vector Machine (SVM), k-
Nearest Neighbour (k-NN), Artificial Neural Network 
(ANN) and Logistic Regression (LR) were tested to find the 
most efficient classifier in terms of accuracy results. It has 
been shown LR and SVM are the most efficient classifier 
with the highest accuracy of 73.03% and 68.97%. 
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