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Abstract—Electroencephalography (EEG) is an 

electrophysiological monitoring method to record electrical 

activity of the brain. EEG-based control is increasingly being 

discovered by many researchers aims to support disabled people. 

In order to build control command set, the system will classify 

the EEG signal received of user looking at the different types of 

images. The good results of EEG signal classification will help 

make control more effectively. In this paper, a novel approach 

proposes the classification of EEG signals based on Wavelet 

transform, K-means clustering algorithm and Multi-Layer 

Neural Network. The system architecture was designed and 

evaluated with the dataset of 21,000 samples. The best accuracy 

rate can obtain 93.57 %. 
 
Index Terms—EEG signals, wavelet transform, K-means, 

neural network 

 

I. INTRODUCTION 

Brain-Computer Interface (BCI) is a new technology 

based on EEG signals [1] that provides a new way for the 

elderly and disabled people communicate with the outside 

world. 

The aim of Brain-Computer Interface research is to 

establish a new augmented communication system that 

translates human intentions into a control signal for an 

output device such as a computer application or a 

neuroprosthesis [2]. 

The strength of BCI applications lies in the way we 

translate the neural patterns extracted from EEG signals 

into computer commands. EEG signal analysis was 

applied in medicine such as early detection of Alzheimer 

[3], epilepsy [4], etc. and applied in telecommunication 

such as calling or listening music based on EEG brain 

signal [5]. In these recent years, EEG-based control 

systems are more interested by researchers. However, the 

result of EEG signal identification must be very good, the 

controlling based on EEG signal will be better. The 

previous studies classifying EEG signals based on eye 

blink [6], eye movement [7] or head movement [8]. 

This paper is developed from our previous work [9]. 

The purpose of this paper is to classify EEG signals into 5 

classes with the images user looking at such as animal 

images, landscape images, city images, human images 
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and flower images. From five signal classes, five control 

commands were formed respectively. Fig. 1 depicts 

images classified into 5 classes. Fig. 2 depicts five control 

commands corresponding to five image classes in Fig. 1. 

The proposed technique uses Mexican hat Wavelet 

transform for signal denoising and for feature extraction, 

then using K-means method to cluster and multi-layer 

neural network to classify. Furthermore, this method also 

only select a few channels to process aims to reduce the 

execution time. 

The rest of the paper is structured as follows. Section 2 

provides the theoretical background in term of EEG. The 

system architecture and datasets are described in detail of 

Section 3. Section 4 presents the results from experiments 

and discussion. Section 5 gives conclusions and outlines 

future research directions. 

 
Fig. 1. Images classified into 5 classes. 

 
Fig. 2. Five control commands. 
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II. EEG THEORETICAL BACKGROUND 

A. EEG Signals 

The characteristic of EEG signals is constantly 

changing with the frequency from 0 - 100Hz. Fig. 3 

shows recorded EEG signal. EEG signals are recorded by 

electrode cap or headset with different channels such as 

14-channel, 16-channel, 32-channel, 64-channel, etc. 

 
Fig. 3. Description of recorded EEG signal. 

B. EEG Devices 

EEG devices are divided into two main categories 

including EEG cap and EEG headset.  Figure 4 describes 

the EEG cap used for recording EEG signals and Figure 5 

describes the EEG headset. 

 
 Fig. 4. Electrode cap. 

 
Fig. 5. EEG headset. 

C. EEG Bands 

EEG signal is divided into 5 types of wave as follows: 

delta (1-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-

30 Hz) and gamma (30-100 Hz) [10].  

Delta is the frequency range up to 4Hz. It tends to be 

the highest in amplitude and the slowest waves. It is seen 

normally in adults in slow-wave sleep. It is also seen 

normally in babies. It may occur focally with subcortical 

lesions and in general distribution with diffuse lesions, 

metabolic encephalopathy hydrocephalus or deep midline 

lesions. It is usually most prominent frontally in adults 

(e.g. FIRDA – frontal intermittent rhythmic delta) and 

posteriorly in children (e.g. OIRDA – occipital 

intermittent rhythmic delta) [11]. Fig. 6 depicts delta 

waves. 

 
Fig. 6. Delta Waves. 

Theta is the frequency range from 4Hz to 8Hz. Theta is 

seen normally in young children. It may be seen in 

drowsiness or arousal in older children and adults; it can 

also be seen in meditation [12]. Fig. 7 depicts theta waves. 

 
Fig. 7. Theta Waves. 

Alpha is the frequency range from 8 Hz to 13 Hz. Hans 

Berger named the first rhythmic EEG activity he saw as 

the "alpha wave". This was the "posterior basic rhythm" 

(also called the "posterior dominant rhythm" or the 

"posterior alpha rhythm"), seen in the posterior regions of 

the head on both sides, higher in amplitude on the 

dominant side [13]. Fig. 8 depicts alpha waves. 

 
Fig. 8. Alpha waves. 

Beta is the frequency range from 13 Hz to about 30 Hz. 

It is seen usually on both sides in symmetrical 

distribution and is most evident frontally. Beta activity is 

closely linked to motor behavior and is generally 

attenuated during active movements [14]. Fig. 9 depicts 

beta waves. 

 
Fig. 9. Beta waves. 

Gamma is the frequency range approximately 30–

100Hz. Gamma rhythms are thought to represent binding 

of different populations of neurons together into a 

network for the purpose of carrying out a certain 
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cognitive or motor function [15]. Fig. 10 depicts gamma 

waves. 

 
Fig. 10. Gamma waves. 

III. MATERIALS AND METHODS 

A. Data Acquisition 

The experimental dataset was taken from [16]. The 

data collected from some volunteer participants as 

follows: The participants wear hat with recording 32-

channels EEG signals and sit in front of a computer 

screen about 110cm, they perform two tasks alternately: 

classification and identification. The participants will 

perform in two days: the first day including 11 persons 

perform and the second day including 10 persons perform. 

Each person performs 1,000 images for one task. 

To start work, the participant will press and hold the 

touch button. An 8-bit color image (256 pixels of width 

and 256 pixels of height) appears in about 200ms, the 

participant will release the button if the image is target 

image. The first period of 1000ms is considered the 

reaction time of the participant, the total time for an 

experimental image is 2000 ± 200ms described in Fig. 9. 

 
Fig. 11. The schema for an image. 

B. Channels Selection 

Many of the EEG channels appeared to represent redundant 

information. This mean that there is no need to analyze all 32 

channels. 

According to [17], only ten electrode locations are 

commonly used such as F3, C3, P3, O1, F4, C4, P4, O2, 

A1 and A2. In this paper, the proposed method used these 

channels instead of 32 channels for experimentation. The 

32-channel EEG signal is depicted in Fig. 10. 

 
Fig. 12. Electrodes of 32-Channel EEG signal 

C. System Architecture 

The system architecture including 4 phase is presented 

in Fig. 13. 

 The first phase: selecting 10 electrode locations 

commonly used such as F3, C3, P3, O1, F4, C4, P4, 

O2, A1 and A2. 

 The second phase: Wavelet Transform is used for 

feature extraction and noise reduction. 

 The third phase: Clustering algorithm is used to group 

into 5 clusters such as Delta, Theta, Alpha, Beta and 

Gamma. 

 The forth phase: The multi-layer neural network 

including 5 input nodes (delta, theta, alpha, beta and 

gamma), one hidden layer with respect to variations in 

number of neurons  and one output node used for 

determining the result of classification. 

 
Fig. 13. System architecture 

D. Wavelet Transform 

Raw EEG signals suffer from poor spatial resolution, 

low signal-to-noise ratio and artifacts [18]. Wavelet 

Transform is used for signal denoising and for feature 

extraction. Wavelet Transform was developed in the 

1980s as a powerful signal processing technique to 

overcome the shortcomings of other methods such as the 

Fourier transform [19]. Wavelet Transform acts like a 

mathematical microscope, because it has the capability to 

analyze EEG signals at different scales [20]. Wavelet 

Transform is now a well-known tool for removing noise 

from the signal. Multi-resolution analysis provides 

information about the signal in different frequency bands. 

In this paper, Mexican hat Wavelet transform is used 

for feature extraction and noise reduction by (1) and (2) 

[21]. 
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              (1) 

              (2) 

where, x(t) is the signal at interval a and time b. Mexican 

hat Wavelet is illustrated in Fig. 14. 

 
Fig. 14. Mexican hat Wavelet. 

E. K-Means Clustering  

Clustering method divides a dataset into groups 

according to similarities or dissimilarities among the 

patterns. K-means algorithm is one of the simplest and 

well known clustering algorithms [22]. 

This algorithm determines the cluster centers and the 

elements belonging to them by minimizing the squared 

error based objective function. The aim of the algorithm 

is to locate the cluster centers as much as possible far 

away from each other and to associate each data point to 

the nearest cluster center. Euclidean distance is usually 

used as the dissimilarity measure in K-means algorithm. 

The objective function J is described as follows: 

               (3) 

where, K is the number of clusters, ci is the centers of 

clusters, and xk is k
th

 data point in i
th

 cluster. A data point 

belongs to a cluster whose center is the closest to that 

data point. Thus, the clusters are represented by binary 

membership matrix U. The elements of matrix U are 

determined as follows: 

    (4) 

where, uij shows that j
th

 data point belongs to i
th

 cluster, or 

not. Each cluster center ci minimizing the objective 

function J is defined as follows: 

                           (5) 

where, N is the number of data points. The algorithm is 

shown in Fig. 15 [23]: 

 
Fig. 15. K-means algorithm. 

In this paper, K=5 is used to group into 5 clusters such 

as Delta, Theta, Alpha, Beta and Gamma. 

F. Multi-Layer Neural Network 

Artificial neural network (ANN) is a mathematical 

model that mimics some functional aspects of biological 

neuron network. Usually ANN has one input layer, one 

output layer and one or more hidden neuron layers. 

Theoretically network with one hidden layer of neurons 

can solve task of any complexity [24]. The multi-layer 

neural network model including 3 layers is presented in 

Fig. 16. 

The first layer contains five nodes such as delta, theta, 

alpha, beta and gamma. This layer is called the input 

layer. 

The second layer is the hidden layer. The number of 

neurons in hidden layer was set to 5, 10, 15, 20, 25, 30, 

35, 40, 45 and 50. 

The output layer contains one node, the results of this 

node are used to classify EEG signal. Due to the action 

function used in this model is hyperbolic tangent function, 

the value of the output node ranges in the interval [-1, 1]. 

Fig. 17 shows the output result. 

 
Fig. 16. Multi-Layer neural network. 
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Fig. 17. Hyperbolic tangent function 

Before using the model, the neural network need to 

pass the training phase to learn. The flow of the training 

algorithm is shown in Fig. 18, representing a 

backpropagation learning procedure [25]. 

 
Fig. 18. Training algorithm 

Entering pairs of input and output values from the 

training data set, this procedure iteratively propagates 

values from the input layer to output layer and updates 

the weights from the input layer to the output layer until 

the error of the output node is lower than the threshold. 

The training algorithm performs two phases as follows: 

 The ”propagation” phase calculates the input value, 

the output value of each node in the hidden layer and 

the output layer. 

 The input value of the hidden nodes is calculated 

by equation (6). 

       (6) 

where, Ii, Vj
 
and wji are the i

th
 input value of the 

hidden layer, the j
th

 value of the input layer and the 

weight from the j
th

 node of the previous layer to the i
th

 

node of the next layer respectively. 

 The output value of the hidden nodes is calculated 

by equation (7). 

                    (7) 

where, Ii and Oi are the i
th

 input value and the i
th

 

output value in the hidden layer respectively. 

 The input value of the output node is calculated by 

equation (8). 

                      (8) 

where, Oi and Wi are the i
th

 output value of the hidden 

layer and the weigh from the i
th

 node of the hidden 

layer to the output node respectively. 

 The output value of the output node is calculated 

by equation (9). 

                       (9) 

where, O and I the input value and the output value in 

the output layer respectively. 

 The ”weight update” phase calculates the error of the 

nodes in the hidden layer and the output layer, then 

updates the weights. 

 The error of the output node is calculated by 

equation (10). 

         (10) 

where, T and O are the real value of sample in 

training dataset, the output value of output node 

respectively. 

 The error of the i
th

 node in the hidden layer is 

calculated by equation (11). 

(11) 

where, Oi, Wi and Err are the output value of the i
th

 

hidden node, the weight of the connection from the i
th

 

hidden node to the output node and the error of the 

output node respectively. 

 The weights from the hidden layer to the output 

layer are updated by equation (12). 

          (12) 

where, Oi, Err and R are the i
th

 output value of the 

hidden layer, the error of the output node and the 

learning rate respectively. 
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 The weights from the input layer to the hidden 

layer are updated by equation (13). 

      (13) 

where, Vj, Erri and R are the j
th

 input value, the error 

of the i
th

 hidden node and the learning rate 

respectively. 

 The system error based on RMSE [26] is 

calculated by equation (14). 

                     (14) 

where, N and Err are the number of samples in the 

training data set and the error of the output node 

respectively. 

IV. RESULTS AND DISCUSSION 

Dataset including 21,000 samples was divided into 

subsets for training (70%), validation (15%) and testing 

(15%). The system uses Matlab and EEGLab toolbox for 

experimental process, the neural network is divided into 

two experimental phases: 

The training phase is performed on the training subset 

using different topologies of neural network with respect 

to variations in number of neurons in hidden layer via the 

following parameters as follows: 

 Learning rate: 0.7 

 Number of epochs: 5,000 

 Initializing weights random values from 0 to 1 

 Mean error threshold value: 10
-5

 and based on RMSE 

(Root Mean Square Error). 

The classification accuracy is measured as a ratio of 

false results to the total number of samples. 

                            (15) 

where, n is the total number of samples, ntrue is the 

number of samples with correct classification result. 

TABLE I: RESULTS OF EXPERIMENT 

No. of 

hidden 

neurons 

Average Error Minimum Error Accuracy Rate 

5 25.21% 21.98% 78.02% 

10 23.77% 20.04% 79.96% 

15 20.44% 17.13% 82.87% 

20 17.76% 14.21% 85.79% 

25 15.43% 11.88% 88.12% 

30 12.98% 10.06% 89.94% 

35 9.87% 7.74% 92.26% 

40 7.74% 6.43% 93.57% 

45 9.56% 7.92% 92.08% 

50 10.24% 8.63% 91.37% 

 

One can observe in Table I that classification results of 

test subset are constantly increasing until the best 

possible value (40 hidden neurons) is achieved (The best 

accuracy rate of 93.57%). Afterwards results start to 

decrease, when the number of neurons increases. This 

occurrence is called overfitting. Overfitting is a 

phenomenon when a neural network gets very good at 

dealing with one data set at the expense of becoming very 

bad at dealing with other datasets. 

A confusion matrix [27] contains information about 

actual and predicted classifications done by a 

classification system. Performance of such systems is 

commonly evaluated using the data in the matrix. Fig. 19 

depicts the performance of system evaluated by the data 

in the confusion matrix with 40 hidden nodes in the 

hidden layer . 

 

Fig. 19. Illustration of confusion matrix for the result of classification. 

In order to provide a more intuitive and easier-to-

understand method to measure the prediction quality, the 

following equation set is used in the literature for 

examining performance quality. 

The accuracy (AC) is the proportion of the total 

number of predictions that were correct. It is determined 

using the equation (16). 

             (16) 

The precision (P) is the proportion of the predicted 

positive cases that were correct, as calculated using the 

equation (17). 

                           (17) 

where, True positives (TP) refers to the positive tuples 

that were correctly labeled by the classifier. True 

negatives (TN) refers to the negative tuples that were 

correctly labeled by the classifier. False positives (FP) 

refers to the negative tuples that were incorrectly labeled 

as positive. False negatives (FN) refers to the positive 

tuples that were mislabeled as negative. 

The success rates obtained by the testing with 40 

hidden nodes in the hidden layer are given in Fig. 20. 

 
Fig. 20. The results of the testing. 
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These results are also compared to some previous 

studies such as the technique [9] obtained the best rate of 

92.68%, the technique [6] identify EEG signals based on 

blink with 15,360 samples and reach 90.85%, the 

technique [7] with the decision tree achieving a 

maximum of 85% , the technique [8] based on eye 

movement by 2 experiments with 3,600 samples and  

8,320 samples and reach 85%. We found that the 

proposed technique classifies better. Moreover, the 

proposed technique may apply for people with weak eye 

muscles or people with one eye. 

V. CONCLUSIONS 

The proposed method classifies EEG signals based on 

recorded signal when looking at images such as 

landscape images, animal images, city images, human 

images, flower images by using Mexican hat Wavelet 

transform, K-means clustering algorithm and multiple-

layer neural network. The proposed technique was 

experimented with 21,000 samples via MatLab and 

EEGLab toolbox, the best achieved result is 93.57% with 

40 hidden nodes in the hidden layer. 

In the near future, we will develop the proposed 

method on real-time systems with Emotiv's EEG device. 

In addition, we will adjust the parameters of the neural 

network to achieve optimal performance that meets the 

requirements of the real-time system. 
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