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Abstract 

Brain-Computer Interface (BCI) is a system that can converts the cerebral activity patterns of 

a user into messages or commands for reactive applications. BCI is a1hardware & software 

communication1 system that permits a direct pathway of communication between human's 

brain and control computers or peripheral devices.  The most evident goal of using BCI 

would be assistive technology for people with physical disabilities, since BCI requires control 

over the states and concentration of brain activity. 

In our paper, we review the state of BCIs, looking at the different steps that form a standard 

BCI: signal acquisition, preprocessing, feature extraction, classification, and control interface. 

We survey the technologies proposed in the scientific literature to design each step of BCI. 

This paper also illustrates the application areas that could benefits from brain waves in 

achieving their goals. 
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1. Introduction   

            A BCI, also referred to as a brain machine interface (BMI), is a software and 

hardware communications system that enables mortals to communicate with their 

environment, without the interfering of perimetric nerves and muscles, by using control 

signals generated from EEG brain activity. A BCI is an artificial intelligence system that can 

recognize a certain set of patterns in brain signals following five consecutive stages: signal 

acquisition, preprocessing or signal enhancement, feature extraction, classification, and the 

control interface [1].      Since the EEG was first described by Hans Berger in 1929 [2], 

people have estimated that it might be used for communication and control. In the 1970’s, 

several scientists developed simple communication systems that were driven by electrical 

activity recorded from the head [3]. After some attempts by music composers to use brain 

activity to produce music in real time [4], the concept of a Brain-Computer Interface (BCI) 

was formalized in 1973 by Vidal [5]. A BCI could enable a user to move a cursor on a screen 

left or right by imagining left or right hand movements, respectively. 

In the first international meeting dedicated to BCI research held in June 1999 at the 

Rensselaerville Institute near Albany, New York, it was defined as follows: “A brain-

computer interface is a communication system that does not depend on the brains normal 

output pathways of peripheral nerves and muscles” [6]. According to this definition, a BCI 

should be able to detect the user’s wishes and commands while the user remains silent. In 

order to do this, the brain activity must be monitored. Since the design of the first real-time 
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BCI in 90's [7, 8, 9], the BCI field has grown massively, inclusion hundreds of laboratories 

and companies around the world, and becoming a more accrual field of research and 

technology [10].  BCI have indeed sophisticated to become more robust, more accessible and 

promising for a wide range of applications including communication and control for motor 

impaired users, gaming targeted toward the general public, real-time mental state monitoring 

or stroke rehabilitation [11].  

 

2. BCI system architecture  

        As shown in figure (1), BCI system architecture block diagram which consists of five 

basic components. They include data acquisition & amplification, signal preprocessing, 

feature extraction, classification, and control interface & device controller [12].   

 

 
Fig (1) Typical BCI system block diagram architecture 

 

  2-1 data acquisition  

       The main unit in the typical BCI system is the signal acquisition unit. This unit is 

responsible for measuring & amplification brain generated oscillations. It reflects the neural 

actions generated by human's current activity. The recording of brain's electrical activity over 

a period of time is called electroencephalogram EEG signal which used to drive BCI system 

in specific frequency bands [13]. Two techniques for signal acquisition have been studied 

invasive & noninvasive methods as shown in figure (2). In invasive technology, electrodes 

are implanted inside the human's brain or over the brain surface neurosurgically, while in 

non-invasive technologies; the brain activity is measured using external sensors [14].  

 
Fig. (2) Signal acquisition techniques 



International Journal of Computer Application (2250-1797)  
                                    Volume 7– No.3, May – June 2017 

 

103 
 

            BCI systems use brain signals to gather information on user intentions. EEG is the 

most widely used on BCI systems to obtain the relevant brain information. This is owing to 

its high resolution, few risks to the users, high portability, and relatively low cost. BCI 

systems based on EEG consists of a set of sensors placed on the scalp that measures and 

acquire the brain electrical activity.  

          In every living human's brain, the electrical activity goes on continuously. We may 

sleep one third of our lifetimes, but the brain never rests. Even when one is unconscious the 

brain remains active [15]. The EEG signal is characterized by amplitude and frequency. The 

amplitudes of the EEG signals typically vary between 10 and 100 µV (in adults more 

commonly between 10 and 50 µV) [16]. 

The EEG signals can be categorized to various types of frequency bands as:    

1. Delta (δ) -The Delta waves which include all the waves in the EEG below 4 Hz. They 

occur in deep sleep, in childhood, and in serious organic brain disease. 

2. Theta (θ) -The Theta waves have frequencies between 4 and 8 Hz. These occur mainly 

during the childhood, but they also occur during emotional stress in some adults, and drowsy 

adult. 

3. Alpha (α) -The Alpha waves are rhythmic waves occurring at a frequency range between 8 

and 12 Hz, which are found in all normal persons when they are awake in a quiet and relaxed 

state. 

4. Beta (β) - The Beta waves are very low amplitude, and high frequency range between 12 

and 30 Hz. They are affected by mental activity, and associated with remembering. 

 
Fig. (3) EEG signal frequency bands 
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2-2 preprocessing 

          EEG is low voltage signals that are contaminated by various types of noises called 

artifacts. These artifacts can be classified according to their sources equipment or the subjects 

as [17]: 

 Technical artifacts  

- Mains: the electrical instruments may induce 50 Hz or 60Hz signal. 

- Electrodes: poor contacts of one or more electrodes.  

 Physiological artifacts 

- Electrode movement due to subject head or neck moving.  

- EMG artifacts due to muscle tension.  

-  Cardiac artifacts due to the heart pulsation, ECG … etc.  

- Eye blinks artifact and eye movement artifact. 

        In order for the relevant brain information to be preserved, preprocessing is carried out 

in various forms so as to remove such unwanted components which are embedded within the 

EEG signal Preprocessing thus forms a very important base in the BCI process and if carried 

out properly it leads to cleaner EEG signals otherwise these may bias the analysis of the EEG 

and lead to wrong conclusions [18]. Good preprocessing results in lowering the 

computational work on the rest of the BCI components and also enhancing the classification 

results. Some of the techniques that can be used for the noise removal are discussed below 

and can be tabulated in table (1): 

A. Principle component analysis (PCA): 

                   It is mathematical techniques. It transforms correlated variables into smaller 

uncorrelated variables called principle component. This Eigen analysis is the mathematical 

procedure used in PCA. It can be defined as orthogonal linear transformation of data signal to 

a new coordinate depending on the variance such that the greatest data projection variance 

comes to lie on the first coordinate (or the first principle component) and so on. The main 

disadvantage of this method is its sensitivity to variables scaling [19].  

B. Independent component analysis (ICA):  

                  It is a computational method for separating a multivariate signal into additive 

subcomponents. This is done by assuming that the subcomponents are non-Gaussian signals 

and that they are statistically independent. ICA is a special case of blind source separation. A 

common example application is the "cocktail party problem" of listening in on one person's 

speech in a noisy room. 

                 The limitation using this method is ICA usually carries all the information in a 

single component and most of the times this component carries non- artifactual information 

which may lead to information loss. Also it's depends on the dataset size. Another 

disadvantage is that it can analyze the signals only in time domain [20]. 

C. Wavelet de-noising 

                 It is a mathematical tool used to extract information from data signal. It can be 

defined as the inner product of the original signal with the scaled and time shifted signal 

called mother wavelet.  In wavelet de-noising, firstly the signal is decomposed in to high and 

low frequency components. Then the best wavelet family can be selected from the wavelet 

families which can best decompose the noisy signal. Finally the signal is reconstructed [21].  
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Table (1) different EEG de-noising techniques [22] 

 

    2-3 Feature extraction 

         In the literature, several features and extraction methods are proposed by different 

researchers for analyzing the EEG frequency bands. EEG signals are considered as random 

and non-stationary, therefore the extraction of the important features of the EEG bands is 

essential. Therefore it is necessary to convert the preprocessed EEG signals into a set of 

vectors, where each vector consists of a group of features. In general, most of the researchers 

extracted the statistical features from EEG signals for detection based on time domain or 

frequency domain. Features of EEG in the time domain are based on the changes of the EEG 

signal amplitudes which are related to the specific stimuli. Transformation of the time domain 

to the frequency domain of EEG signals is usually carried out using an FFT algorithm. The 

most common set of features extracted from this domain are the mean of spectral frequency 

components, spectral power, and power spectral density (PSD) [23].  

        Extracted features are meant to minimize the loss of important information embedded in 

the signal and to simplify the amount of resources needed to describe a huge set of data 

accurately. The general idea of feature extraction is to convert features into mathematical 

descriptors. These features are then analyzed to find out the most relevant and effective 

features while discarding the nonperforming features. The chosen features are simple but 

robust for the morphology of EEG data for the classification problem. Examples of feature 

parameters most usually used by the researcher are approximate entropy, variance, and mean, 

energy distribution, maximum & minimum of the signal, median, & standard deviation [24]. 

 

2-4 classification 

     Classification is a data mining technique that assigns data in a collection of target 

categories and classes. The goal of classification is to accurately predict the labels for each 

class in the data. A classifier is a system that divides the data into different classes and is able 

to learn the relationship between the features and the classes. The goal of the classification is 

to map the statistical features which are input to the corresponding class. The accuracy of 
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classification and the training time of the intelligent network are considered as essential 

parameters for classification. Varieties of classifiers  

Networks (ANN), Probabilistic Neural Network (PNN), Linear Discriminate Analysis 

(LDA), and Fuzzy inference system, etc. [25].  

 

2-5 control interface  

           A control interface is translation algorithm that transforms the BCI input 

features derived by the signal processing stage into actual device control commands. 

A translation algorithm takes abstract feature vectors from EEG signal that reflect 

specific aspects which encode the message the user wants to communicate and 

transforms those vectors into application-dependent device commands. Different 

translation algorithms used by different BCI systems. Each algorithm can be 

classified in terms of three key features: transfer function, adaptive capacity, and 

output. The transfer function can be linear (e.g., linear discriminant analysis, linear 

equations) or nonlinear (e.g., neural networks). The algorithm can be adaptive or 

non- adaptive. Adaptive algorithms can use simple handcrafted rules or more 

sophisticated machine-learning algorithms. The output of the algorithm may be 

discrete (e.g., letter selection) or continuous (e.g., cursor movement). The goal of 

translation algorithm is to maximize performance for the chosen application [26].  

 

   3- BCI applications 

         Applications of Brain Computer Interface base its functionality on either observing the 

user state or allowing the user to deliver his/her ideas. BCI technology could be helpful for 

those people with severe motor disabilities. According to significant advances in EEG based 

BCI, various BCI applications have been developed. Since EEG signals offer low cost and 

easy to use equipment, they are used by most BCI applications. BCI applications potentially 

represent a powerful tool for revealing hidden information in the user’s brain that cannot be 

expressed. BCI applications fields can be briefly summarized in figure (4) [27].  

 

Fig. (4) BCI application fields 
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3-1 medical applications 

         Figure (5) illustrates the advantage of EEG signal in healthcare phases. These phases 

include prevention, detection, diagnosis, rehabilitation and restoration.  

 
 

Fig. (5) BCI medical field applications 

 

                 Medical prevention importance lies in the possible loss of function and decrease of 

alertness level resulting from smoking and or alcohol drinking. Some researchers have 

investigated the most responding brain parts to alcoholism. Traffic accidents are considered 

the main cause for death or some serious injuries.  Analyzing their causes for later prevention 

has been a concern for researches in various fields. Thus concentration level for those suffer 

from motion sickness, especially drivers, has been studied [28][29]. 

                Mental state monitoring function of BCI systems has also contributed in forecasting 

and detecting health issues such as abnormal brain structure (such as brain tumor), Seizure 

disorder (such as epilepsy), Sleep disorder (such as narcolepsy), and brain swelling (such as 

encephalitis) [30]. 

                Mobility rehabilitation is a form of physical rehabilitation used with patients who 

have mobility issues, to restore their lost functions and regain previous levels of mobility or 

at least help them adapt to their acquired disabilities. People suffer from serious events such 

as strokes may also be able to fully recover. Stroke is a condition in which the brain cells 

suddenly die because of the lack of oxygen. It can be caused by an obstruction in the blood 

flow. The patient may suddenly lose the ability to speak, there may be memory problems, or 

one side of the body can become paralyzed. Disabilities and brain strokes have been subject 

for many studies interested in solutions involving brain signals [31].  

 

 3-2 Neuroergonomics and smart environment  

                       Smart environments such as smart houses, workplaces or transportations could 

also exploit brain computer interfaces in offering further safety, luxury and physiological 
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control to humans’ daily life. It monitors user’s mental state and adapts the surrounding 

components accordingly.  A cognitive controller system called Brain computer interface-

based Smart Living Environmental Auto-adjustment Control System (BSLEACS) had been 

studied in [32].  

 

3-3 Neuromarketing and advertisement  

                  Marketing field has also been an interest for BCI researches. Researchers had 

explained the benefits of using EEG evaluation for TV advertisements related to both 

commercial and political fields. Other researchers had considered the impact of another 

cognitive function in neuromarketing field. They had been interested in estimating the 

memorization of TV advertisements thus providing another method for advertising evaluation 

[33]. 

 

3-4 Educational and self-regulation 

                Neuro feedback is a promising approach for enhancing brain performance via 

targeting human brain activity modulation. It invades the educational systems, which utilizes 

brain electrical signals to determine the degree of clearness of studied information. 

Personalized interaction to each learner is established according to the resultant response 

experienced. Learning to self-regulate through noninvasive BCI has also been studied. It 

provides a mean for improving cognitive therapeutic approaches. Furthermore, EEG based 

emotional intelligence has been applied in sport competitions to control the accompanying 

stress [34][35].  

 

3-5 Games and entertainment  

            Entertainment and gaming applications have opened the market for nonmedical brain 

computer interfaces. Various games were presented like helicopters are made to fly to any 

point in either a 2D or 3D virtual world. Combining the features of existing games with brain 

controlling capabilities has been subject to many researches which tend to provide a multi-

brain entertainment experience. Some EEG serious games have been employed for emotional 

control and/or neuroprosthetic rehabilitation. They are containing either a new game idea or a 

modified one [36]. 

 

 

4- Conclusion  

          This paper has reviewed the BCI system components discussing the system design 

fundamental. Invasive and noninvasive techniques are signal acquisitions methods used by 

BCI system. Most BCI system designers used EEG signal to obtain the brain information. 

Since EEG is low voltage signal, it can be easily contaminated with noise. Various noise 

removal techniques had been studied and presented in this paper. A wide variety of signal 

features and classification algorithms have been tested in the BCI design. Most of the 

researchers extracted the statistical features from EEG signals for detection based on time 

domain or frequency domain. Classification is data mining techniques that classify the data in 

many classes.  



International Journal of Computer Application (2250-1797)  
                                    Volume 7– No.3, May – June 2017 

 

109 
 

            A useful technology recognized in computer system was BCI. BCI is a nature 

extension to human computer interface. It can provide a solution to most unsolved human 

problems. In this paper several BCI application fields has been presented. These applications 

include medical, organizational, transportation, games and entertainment, and security and 

authentication fields.  
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