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Abstract 

In a world inundated in technology, the line between humans and machines has begun to blur; our thoughts 

and actions are increasingly shaped and substantiated by machines. Perhaps nowhere is this blurring more 

evident than in the scientific endeavor of Brain-Machine Interface (BMI; Brain Computer Interface, BCI). 

This endeavor seeks to use electrical signals generated by action potentials in the nervous system and 

interface it with a computer or a device so as to regain communication with the outside world as well as 

motor functions by using an artificial limb. The need for using a BMI is seen most clearly in paralyzed 

patients who have lost partial (paraplegia) or total (quadriplegia) use of their motor functions, as well as in 

patients of chronic progressive diseases as Amyotrophic Lateral Sclerosis (ALS). Over the past two decades 

a vast array of researches have been conducted in BMI Neural Prosthetics. Initially the experiments were 

performed on rodents. Then the studies developed to using primates in a grasping experiment. In the past 

couple of years electrodes implanted intracranially into the skull of a quadriplegic person has led to using 

a robotic arm through though only. Noninvasive BMI researches have also proliferated in the past couple 

of decades. The current study proposes to do a systematic review on the various studies already performed 

in BMI Neural Prosthetics in order to investigate and suggest the best approach to design a BMI system. 

An in-depth explorative survey was conducted to look into the various steps towards development of a 

complete system design to alleviate existing disabilities. A comparative analysis using the noninvasive EEG 

device ‘Emotiv EPOC’ was performed to compare the control signal types, feature extraction mechanisms, 

classification algorithms and their corresponding accuracies and applications. Accordingly, the best design 

framework of BMIs in Neural Prosthetics was suggested, which is a good addition to the pool of researches 

in the scientific community. 

Keywords: Brain-Machine Interface (BMI), Brain Computer Interface (BCI), Neuroelectronics, Neural 

Prosthetics, Electroencephalography (EEG), Emotiv EPOC 
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Terminologies and Abbreviations  

ALS   Amyotrophic Lateral Sclerosis 

ANFIS   Adaptive Neuro Fuzzy Inference System 

AR   Autoregressive Model 

BCI   Brain-Computer Interface 

BMI   Brain-Machine Interface 

BOLD   Blood Oxygen Level Dependent 

CLIS   Completely Locked-In State 

CSP   Common Spatial Patterns 

CWT   Continuous Wavelet Transform 

DWT   Discrete Wavelet Transform 

ECoG   Electrocorticography 

EEG   Electroencephalography 

EMG   Electromyography 

ERD   Event Related Desynchronization 

ERP   Event Related Potential 
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FFT   Fast Fourier Transform 

fMRI   functional Magnetic Resonance Imaging 

fNIRS   functional Near-Infrared Spectroscopy 

Hemodynamic  pertaining to the circulation of blood in the body 

HMM   Hidden Markov Model 
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ICA   Independent Component Analysis 

Intracranial  Within the skull 
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SSEP   Steady State Evoked Potentials 
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1. Introduction 

1.1 Background 

Traumatic lesions of the central nervous system caused by spinal cord injuries (such as road traffic 

accidents, military training accidents, homicidal accidents and natural disasters) as well as 

neurodegenerative disorders, such as Amyotrophic Lateral Sclerosis (ALS), continue to inflict devastating, 

and so far, irreparable motor deficits in an increasing number of people worldwide. These patients of 

accidents have to cope with partial (as in the case of paraplegics) or almost total (i.e. quadriplegia) body 

paralysis. According to the WHO, over a billion people, around 15% of the world’s population, have some 

form of disability [1]. Limb loss (amputations) and paralysis can have crippling consequences for those 

affected, severely hindering the ability of individuals to live normal lives.  

Work being done with prosthetics utilizing neural interfacing techniques for neural control may hold the 

answers to potentially restoring some of what these people have lost and significantly improving their 

overall quality of life [2]. Therefore, the aim of most recent researches has focused on the interface between 

machines (computers) and the brain. In regards to this, a scientific endeavor commonly called the Brain-

Computer Interface (BCI or Brain-Machine Interface; BMI), which operates at the focal intersection 

between thought and action, using the brain’s electrical signals was proposed to restore motor activities in 

severely paralyzed patients.  

Modern attempts have been driven by concrete technological and clinical goals [3]. BMI devices are neuro-

prostheses that interface with the central or peripheral nervous system to restore lost motor or sensory 

functions. These interfaces are bidirectional in that they can ‘write-in’ signals to the brain, typically through 

electrical stimulation that excites or inhibits neural tissue, or they can ‘readout’ signals by recording neural 

activity [4]. Examples of great successes with ‘write-in’ devices have brought the perception of sound to 

thousands of deaf individuals by means of electrodes implanted in the cochlea and also deep-brain 

stimulation for Parkinson’s disease patients. Similar attempts are also underway to provide images to the 

visual cortex and to allow the brains of paralyzed patients to re-establish control of the external environment 

via recording electrodes [3]. This write-in BMI is known as a retinal prosthesis. 

BMI readout devices seek to restore a paralyzed patient’s lost motor function by recording movement 

commands directly from the patient’s brain and rerouting them to an external device, such as a computer 

cursor or a prosthetic arm. These movement commands recorded using BMIs can be classified based on the 

recording modalities. The first feature that distinguishes BMIs is whether they utilize invasive (i.e. intra-
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cranial) or non-invasive methods of electrophysiological recordings [5]. These classifications of BMIs can 

be further elucidated as:  

• Non-invasive systems primarily use topical electric sensors placed over the head or nerves to 

measure Electroencephalography (EEGs) or Electromyography (EMG) to read electrical activities 

in the brain and muscles. These measured signals can in turn be used to control computer cursors 

or other devices. However, neural signals have a limited bandwidth. 

• Invasive BMI approaches are based on recordings from ensembles of single brain cells (also known 

as single units) or on the activity of multiple neurons (also known as multi-units) where electrodes 

are implanted inside of the skull (Electrocorticography, ECoG or intracranial 

Electroencephalography; iEEG). This methodology provides neural signals of the best quality, 

spatial resolution, and a higher range of frequency. At the same time, it carries risks associated with 

an invasive surgical procedure.  

Information recorded from neurons using one of the approaches mentioned will then be decoded so that it 

can be translated into device control; similarly, information can also be encoded and sent back into the brain 

through electrical stimulation techniques. Decoding is a huge component of being able to understand brain 

signals and translating them to the prosthetic device. Decoders use multiple mathematical functions to 

process a variety of neural signals recorded by electrodes into signal patterns that can be recognized and 

interpreted as relating to specific neural activity [2]. A BMI decodes the brain signal to an artificial neuro-

prosthetic limb. Then an afferent somatosensory signal (i.e. the sensation of moving) from the neuro-

prosthetic limb is fed back to the brain. This will enable the patient to emulate and function as a real limb. 

BMI research has advanced leaps and bounds over the past couple of decades, from implanting rodents with 

electrodes which enabled it to move a water drop to implanting intracranial electrodes in a tetraplegic patient 

which enabled them to drink coffee with only the aid of the BMI device. An early demonstration of 

intracortical signals harnessed to a machine used a rat with microwires implanted in its motor cortex [6]. 

The recorded signals were processed and used to move a water drop on a lever toward the animal’s mouth. 

Subsequently, another report based on a similar indirect visualization paradigm used planar robot 

movements with a gripper at the end of a robot arm [6]. Here, the animal saw the task on a computer monitor 

without directly viewing the arm.  

In 2012, Massachusetts General Hospital neurologist Leigh Hochberg and others reported that a 58-year-

old woman and a 66-year-old man, both paralyzed from the neck down for years, learned to use implanted 

brain electrodes to control a robotic arm to reach and grasp small objects, and, in one case, even drink coffee 
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from a bottle using a straw [6]. There is still a long way to go in BMI research technology, as the current 

devices still don’t have the full functioning abilities of real limbs to carryout pedestrian activities. 

Despite not having the full functioning abilities of our brains, BMIs are still expected to be very prolific 

and diversified in the future. One prominent physicist and author, Michio Kaku has predicted that BMIs 

would evolve to the point of allowing us to control computers directly with our minds [7]. One such example 

is being able to connect a person’s brain directly to mechanical arms and legs, bypassing the spinal cord, to 

enable the patient to walk. It is also expected to decode a person’s stream of consciousness to the extent of 

recording visual thoughts or the images of a dream by applying BMI techniques using functional Magnetic 

Resonance Imaging (fMRI) scans by the year 2011. It is predicted that the end point by the year 2100 is to 

attain telekinesis (moving distant objects by mental powers), i.e. we can walk into a room and mentally 

control a computer that in turn will control things around us.  

This progression of technologies in the realm of Brain Machine Interface in turn poses some ethical 

problems. One such area is mind reading. Even though, our thoughts are not well defined and it is also 

doubtful that you can read someone’s mind from a distance, because all recording modalities require close 

contact with the subject, laws eventually need to be passed to prohibit unauthorized access [7]. Hence, since 

BMI is a new endeavor, new appropriate laws and prohibitions must be placed as it progresses into 

mainstream use. 

1.2 Core components of a BMI system  

The core components of a BMI system, like any communication or control system, include the basic fields 

of input, processing and output. In the BMI system, a mechanism which can measure the electrical signal 

from the brain is needed (i.e. input component), a mechanism to convert this signal into a usable and 

manipulatable format (i.e. processing), and finally a mechanism to present the processed signal in an 

understandable way (i.e. output component). This output component can also act as a feedback for the input 

component.  

The first core component, i.e. the input component, in a BMI system is known as the Signal Acquisition 

unit. Its main function is to acquire electrical signals from the brain using various types of sensors. The next 

component, the signal processing unit, can be further divided into Preprocessing unit, Feature Extraction 

unit and Classification (Translation) algorithm Unit [8]. The output component in most BMI designs also 

acts as a feedback mechanism. This output is usually realized using some kind of device output or device 

command [9]. This command could be used for communicating with the other people using speller 

programs, for controlling their immediate environments, for controlling the movement of a robotic limb, 
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for locomotion using a wheel chair, for neurorehabilitation, or any other type of motor function which will 

help enable a physically disabled person in some way. The core components of a BMI can be seen in the 

conceptual framework diagram shown in  Figure 1 below. 

 

Figure 1: Conceptual Framework of a Brain-Machine Interface [10] 

1.3 Problem Statement 

The number of physically disabled people in the world is increasing year by year. According to the WHO, 

the rates of disability are increasing in part due to ageing populations because of the advancement of 

medical technologies and an increase in chronic health conditions [1]. In most cases, the disability is 

irreversible even with the advent of the rapid growth of the medical industry. Most of these people with 
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disabilities have less access to health care services and therefore require constant care and aid from the 

society. 

Even though these people lose their motor functions, the electrical signals that existed before their accidents 

are still present in the brain. People who have lost the function of their limbs due to lesions in the central 

or peripheral nervous system may have partial (paraplegia) or total (quadriplegia) paralysis. This cripples 

their ability to move, to eat, to work and to have a normal functioning life in general. Another progressive 

chronic disease called Amyotrophic Lateral Sclerosis (ALS) degrades a person’s motor functions 

progressively without having much effect on the cognitive state of the person. Eventually, the person will 

be in a completely locked-in state (CLIS), i.e. not able to move or talk and eventually not able to control 

respiratory functions.  

This will lead people with disabilities to become a burden on those around them, which in turn will cause 

them to be stigmatized by the community. In addition, this is also a huge strain on the economy of a country 

or even a small community because they need constant attention to move around and communicate. Brain 

Machine Interfaces have been primarily thought of as a potential new therapy to restore motor control in 

severely disabled patients, particularly those suffering from devastating conditions such as ALS, spinal cord 

injury, stroke and cerebral palsy [5]. Hence, a Brain-Machine Interfaced Neural Prosthetics can help make 

the patients autonomous and help them retain their motor functions. But much research is still needed on 

the best path to take in the design of a BMI. 

1.4 Objectives 

The major objective of this research is to understand how to interface our brain to a computer (machine) 

and to compare among the various approaches to implement a BMI and suggest the perceived best 

alternative. To this end, the specific objectives of this thesis are: 

1. To determine how a human brain sends electrical signals (active potentials) to neurons and nerve 

endings. 

2. To survey and compare various techniques used to acquire the electrical signals from the brain for 

use in BMI research. 

3. To survey and compare the various signal processing techniques used for extracting the features 

from the electrical signals of the brain in neural prosthetics. 

4. To survey and compare the various algorithms used to classify the features extracted. 

5. To suggest the best approach in designing a BMI based on the undertaken comparative research. 



6 
 

1.5 Methodology 

To implement a Brain-Machine Interfaced Neural Prosthetics it is very important to understand how the 

human brain uses electrical signals to communicate with the rest of the body and how it is possible to tap 

into this system. This in turn leads to the survey of the vast amount of research being undertaken on BMI. 

This is a very daunting task, especially to be undertaken in a third world country, and that is why this 

research was limited to a survey and investigation in the literature of researches undertaken in the design 

of BMI. 

The first task was to identify and compare the different devices needed to acquire the electrical signals from 

the brain. These different signal acquisition devices were then compared amongst each other based on their 

invasiveness, portability, susceptibility to noise, type of activity measured, temporal resolution and spatial 

resolutions. Selecting the best signal acquisition mechanism was the crucial step for the eventual systematic 

review. Next the different types of control signals were surveyed to understand how the acquired signals 

could be controlled to implement the intent of the user. This will determine if prior training is required by 

the user. 

Based on these control signals, the next task was to study the theoretical background of the various signal 

processing techniques used for extracting relevant features from the acquired electrical signals. Even 

though, the preprocessing step occurred initially with the signal acquisition device, some of the features 

from the signal (such as, amplitude and frequency) needed to be further enhanced and extracted using digital 

signal processing techniques. Therefore, the different feature extraction methods were surveyed to 

understand which method was suitable to which control signal and for what purpose, i.e. transformation, 

feature dimension reduction and others. 

Next, a survey of the different algorithms used to classify the extracted features into corresponding user 

intentions was performed. There are a lot of algorithms in use for classification of BMI signals, the most 

commonly used and the ones surveyed for this work comprised statistical approaches, artificial intelligence 

and a combination of different algorithms. The classification stage is crucial in determining the accuracy 

and speed of the whole system. 

Finally, by taking the steps for designing a BMI mentioned above, as a criterion, a systematic review was 

undertaken. For the systematic review, initially available free online databases were identified. Next, the 

downloaded manuscripts from these databases were iteratively screened by reading the title, abstract and 

the full text successively. Then the full text reviewed manuscripts were analyzed for eligibility based on its 
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own criteria. The manuscripts fulfilling these criteria were finally included in the systematic review and 

comparative table. 

The comparison criterion was mainly composed of the type of control signal, the feature extraction 

mechanism, the classification algorithm, the software, the purpose of the research and the overall accuracy 

of the system. Conclusions were then drawn on the trend of recent researches in the design of BMI neural 

prosthetics and the best feature extraction mechanism, classification algorithm and BMI software were 

suggested according to the manuscripts reviewed. 

1.6 Organization of the thesis 

The thesis is organized as follows, 

• The first section describes the background, objectives and methodology of the thesis 

• The second section surveys the various signal acquisition devices for BMI 

• The third section introduces the different control signals in an EEG-based BMI system 

• The fourth section surveys the common feature extraction mechanisms used for EEG-based BMIs 

• The fifth section surveys the common classification algorithms used for EEG-based BMIs 

• The sixth section gives and discusses the systematic review results  

• The seventh section states the conclusion, limitation and proposed future works of the current thesis  
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2. Survey of Signal Acquisition Devices used in BMIs 

The first step in BMI design is recording the brain signal, i.e. signal acquisition. There are various methods 

used to measure and record the brain activity. Based on the surgical risk it possesses to the patients, it can 

be broadly classified as invasive (needing surgical implant) or noninvasive. In invasive technologies sensors 

are implanted directly on or in the brain using neurosurgery, while noninvasive technologies measure brain 

activity using external sensors. Based on the brain activity that will be monitored, signal acquisition 

techniques can also be classified into electrophysiological, generated by electro-chemical transmitters 

exchanging information between the neurons, and hemodynamic, a process in which the blood releases 

glucose to give active neurons at a greater rate than in the area of inactive neurons [10]. Hemodynamic 

signal acquisition measures the Blood Oxygen Level Dependent (BOLD) response. 

 

Figure 2: BMI research articles published in 2007-2011 [12] 

Electrophysiological activity is a direct method of measurement and is used by electroencephalography 

(EEG), electrocorticography (ECoG), magnetoencephalography (MEG), and intracortical neuron recording 

(INR) [10]. EEG and MEG are non-invasive measurement methods, while ECoG and INR are invasive 

techniques. Hemodynamic activity is an indirect method of measurement and can be measured in functional 

Magnetic Resonance Imaging (fMRI), functional Near Infrared Spectroscopy (fNIRS) and Positron 

Emission Tomography (PET), which are all non-invasive techniques. The non-invasive techniques are 

predominantly used, while the invasive techniques only account for about a third of BMI researches 

conducted, as shown in Figure 2. Signal acquisition techniques can further be classified by spatial/temporal 

resolution, direct/indirect measurement, and complexity/price, each having their own strengths, weaknesses 

and specific uses. 
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2.1 Noninvasive Recording Methods 

These signal acquisition techniques follow the procedure that does not require surgical implantation of 

external objects (sensor electrodes) into the subject’s brain. They use sensors placed on the scalp or 

machinery that surrounds the cranium (brain) as a whole.  

Noninvasive recording methods have been at the forefront of the devices used in BMI researches in the past 

couple of years, while EEG takes the lion’s share, as shown in Figure 2. Some common noninvasive 

recording methods, such as, EEG, MEG, fMRI, fNIRS and PET are presented here with their working 

principles and corresponding advantages and disadvantages. 

2.1.1 Electroencephalography (EEG) 

The EEG (Electroencephalography) was the first to be discovered by a German Neurologist, Hans Berger 

in 1924 as a means of better understanding the brain’s response to various arousal conditions [13-15]. He 

was the first to use the word electroencephalogram for describing brain electric potentials in humans [15]. 

EEG design has advanced in a lot of ways over the past couple of decades, having essentially the advantages 

of relatively low cost, portability, high temporal resolution and noninvasiveness [8]; as shown with the 

Emotiv EPOC EEG device in Figure 3 below. 

 

Figure 3: An Emotiv EPOC EEG headset [16] 

EEG, one of the most popular neurophysiological recording techniques, measures electrical activity in the 

brain through the use of surface electrodes placed on the scalp (as shown in Figure 3). Its signal is measured 

as the potential difference over time between an active electrode and a reference electrode, but a differential 

voltage can also be measured between the active and reference electrodes by using a ground electrode [10]. 
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EEG signals have to cross the scalp, skull and many other layers, therefore rendering them to be of poor 

quality having low signal to noise ratio and spatial resolution. 

One solution to enhance EEG spatial resolution issue and improve signal localization depends on the 

number and location of the electrodes. An international electrode positioning technique, called the ten-

twenty electrode system of the International Federation, that makes the distance between adjacent pair of 

electrodes to be either 10% or 20% of the scalp diameter has been used for the past couple of decades [8, 

17, 18]. This international 10-20 system of placing electrodes can be shown in Figure 4 below. 

 

Figure 4: The International 10-20 System of placing electrodes [18] 

Each electrode has an alphabetical label and a number. Five points are marked along the mid-line, 

designated Frontal Pole (FP), Frontal (F), Central (C), Parietal (P) and Occipital (O) [18]. The first point, 

FP is 10% from the Nasion (bridge of the nose) and the rest are 20% apart until they reach the Inion (the 

projecting part of the occipital bone at the base of the skull), hence the name 10-20. During EEG 

measurement, a reference electrode is typically chosen as either the left or right earlobe.  

The EEG recording system consists of electrodes, amplifiers, Analog-to-Digital converter (ADC), and a 

recording device [10, 15], while the portable EEG device Emotiv EPOC shown in Figure 3 has electrodes, 

ADCs, Filters, amplifiers and wireless connectivity [16]. The electrodes are used to acquire the EEG signal 

from the scalp. Since the signal acquired by the electrodes are very weak (microvolts range), amplifiers are 

needed to enlarge the amplitude of the EEG signals to the level where they can be digitized accurately. 

Here, caution has to be taken because the signal is very sensitive to noise, such as power-line noise, thermal, 

shot, flicker and burst noises [10]. The ADC is required to digitize the amplified signal. Finally, the wireless 

connectivity sends the data to a recording device, such as a computer, that stores and displays the data. 
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The amplification part of the electroencephalography, which is a core of the measurement, is based on a 

differential amplifier. The output impedance with respect to the amplifier corresponds to the impedance 

caused by the contact between the scalp and the electrode. This impedance should be as low as possible to 

accurately capture the waveform of the EEG. There are two types of electrodes: passive and active; the 

active can reduce the noise contaminated through a cable [8]. As an example of a typical EEG device, the 

Emotiv EPOC as shown in Figure 3 has the specifications given in Table 1. It has an active electrode and a 

50Hz and 60Hz digital notch filters depending on the power plant.  

 

Table 1: Emotiv EPOC EEG Device Product Specification [16] 

2.1.2 Magnetoencephalography (MEG) 

Magnetoencephalography (MEG) is another electrophysiological noninvasive recording technique for 

measuring the magnetic fields generated by neuronal activity of the brain by means of magnetic induction. 

It is the magnetic counterpart to EEG. When active neurons generate electric currents, a miniscule magnetic 

field impossible to detect from the activation of a single neuron is created [14]. A larger and more easily 

detectable magnetic field is created when many neurons (for example 50,000-100,000) fire together. This 

magnetic field is detected by a MEG device as the one shown in Figure 5. 
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Synaptic activity taking the form of a (primary) intracellular current equalizing ionic concentrations in the 

cell membrane is the origin of the ionic currents that creates the signals picked up at the surface of the scalp. 

This intracellular current, which is stronger than the extracellular current but not accessible by EEG, 

generates an associated magnetic field [19]. The major difference between EEG and MEG is that the 

extracellular currents picked up by EEG are affected by differences in conductivity between the scalp, skull 

and cerebrospinal fluid (CSF), while the magnetic fields generated by the intracellular currents, representing 

the principal component of the MEG signal, are not affected by these environments [10, 14]. Therefore, in 

comparison to EEG, sources are easier to identify and localize with MEG. 

   

Figure 5: A. MEG Signal Acquisition Device [17]  B. Schematic Cross section of a MEG System [20] 

MEG captures brain activity through measurements of the magnetic fields created by the natural electric 

currents generated in the brain through sensitive magnetometers [21]. Since this magnetic field is extremely 

weaker than the magnetic field associated with the earth (a billion times weaker), recordings of MEG are 

performed in a chamber that strongly attenuates any external magnetic fields that is equipped with a 

Superconducting Quantum Interference Device (SQUID), invented in the 1960s as a sensor of magnetic 

field changes [10-14, 19, 20]. They are highly sensitive (at femto-Tesla scales, 10−15 T) and only operate in 

superconductive conditions, therefore requiring the system core to be cooled with liquid helium, which has 

a boiling temperature (4 K or -269 oC) close to absolute zero [10, 14, 19]. The SQUID detects and amplifies 

magnetic fields generated by the neurons. 

A SQUID is a challenging signal source due to its low output impedance; therefore, it has to be processed 

extensively and even requiring negative feedback to attain optimal noise performance [20]. Even though 
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MEG is not an ideal recording method for BMIs, it possesses a certain number of properties that EEG does 

not, which makes it useful for developing and prototyping BMI scenarios. These advantages however do 

not lead to more research incorporating MEG, accounting for only 2% of relevant literature [12]. Major 

drawbacks of MEG which led to its seldom use in research are the fact that it is not portable, it is very 

expensive and it requires highly sensitive instrumentation and sophisticated methods, such as a 

Magnetically Shielded Room (MSR) for eliminating environmental magnetic interference [10, 13, 17, 22] 

and it also requires the subject’s head to remain immobile inside a fixed machine. 

2.1.3 Functional Magnetic Resonance Imaging (fMRI) 

Functional Magnetic Resonance Imaging (fMRI) is a relatively recent one of the hemodynamic techniques 

of signal acquisition. It detects changes in local cerebral blood volume, cerebral blood flow and oxygenation 

levels during neural activation by means of electromagnetic fields using an MRI scanner as the one shown 

in Figure 6 [8, 10, 14]. The metabolic demands of an increase in neural activity in a given region initially 

produces a reduction in oxygenated hemoglobin in that area, which is quickly followed by an overshoot in 

which the brain, perhaps anticipating future activity in this region, increases oxygenated hemoglobin, and 

there is also a corresponding decrease in deoxygenated hemoglobin levels [14]. fMRI is based upon the 

different magnetic susceptibilities of iron in oxygenated and deoxygenated hemoglobin.  

 

Figure 6: A simple fMRI Device [14] 

Oxygenated blood is diamagnetic and possesses a small magnetic susceptibility, while deoxygenation of 

hemoglobin produces deoxyhemoglobin, which is a significantly more paramagnetic species of iron [22]. 

fMRI measures the blood oxygen level dependent (BOLD) response by tracking the changes in blood flow 
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indicated by the relative amounts of the different forms of hemoglobin. These differences between the blood 

oxygen level, the so-called BOLD contrast, is measured by the fMRI [10, 14, 23]. 

An fMRI scanner consists of six key components: a large main magnet, a radiofrequency transmitter, a 

receiver antenna, gradient coils, a front-end computer and a reconstruction computer [23]. Brain activity is 

measured by the fMRI by the presence of deoxyhemoglobin, which slightly lowers the magnetic field 

strength in its immediate vicinity and this in turn is revealed as a tiny dark spot (whose intensity depends 

on the amount of deoxyhemoglobin) in the reconstructed image.     

fMRI data imagery is shown very close to the blood flow, within approximately 1 mm of accuracy and 

within approximately one second of oxygenated blood flow increase, i.e., fMRIs offer highly accurate 

spatial information that could be very useful for detailed BMI tasks, but their temporal resolution is quite 

slow compared to techniques such as EEG or MEG [13]. Their low temporal resolution stems from the fact 

that fMRI does not measure neural activity directly, but allows for inference of neural activity from its 

BOLD response, which is slow. Hence, fMRI appears unsuitable for rapid communication in BMI. 

Practically, fMRI-based BMIs are at present not very practical for everyday purposes due to the high cost 

(because of the need for superconducting magnets) and bulk of the equipment, the need for liquid helium 

to cool the superconducting coils, and the need for an rf-shielded chamber [13, 14, 23, 24]. It has however, 

become the diagnostic method of choice for investigating how a normal, diseased or injured brain is 

working, as well as to identify the best areas for implanting microelectrode arrays (INR) [22, 23]. The 

fMRI-based BMI is difficult to apply on ALS (Amyotrophic Lateral Sclerosis) patient in completely locked-

in state (CLIS) because it is impossible to move to patients’ home and the patient enclosed in the scanner 

does not experience a satisfying environment for communication [25]. For these reasons, fMRI-BMIs have 

become ineffective and impractical for everyday use, accounting for only 3% of the literature on the design 

of BMIs during the 2007-2011 period (Figure 2). 

2.1.4 Functional Near-Infrared Spectroscopy (fNIRS) 

Functional Near-Infrared Spectroscopy (fNIRS) is a non-invasive technique that uses light of different 

wavelengths in the near-infrared range to measure the BOLD response to infer neural activity. Oxygenated 

blood absorbs more light above 800 nm wavelength while deoxygenated blood absorbs more light below 

800 nm wavelength [13]; i.e. oxyhemoglobin is light red and absorbs to a greater extent light of wavelength 

around 830 nm, whereas deoxyhemoglobin is dark red and absorbs to a greater extent light of wavelength 

around 690 nm [23]. fNIRS takes advantage of this difference in light absorption to detect neuronal activity. 

Infrared light penetrates the skull to a depth of approximately 1–3 cm below its surface, where the intensity 
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of the attenuated light allows alterations in oxyhemoglobin and deoxyhemoglobin concentrations to be 

measured [10, 14].  

Due to shallow light penetration in the brain, this optical neuroimaging technique is limited to the outer 

cortical layer [10]. It makes it impossible to measure brain structures such as the hippocampus or the 

thalamus, especially if they are surrounded by light-reflecting white matter [22]. However, the vast majority 

of the cortical surface is accessible to the measurements and its simplicity and portability may help it serve 

as a rough equivalent to fMRI. 

 

Figure 7: A. portable fNIRS Device with its sources and sensors [23] B. Emitter detector pairs showing the path of 

light [26] 

An fNIRS system consists of a near-infrared light emitter detector pair, a driving electronic device, signal 

processing devices, and a recording device as shown in Figure 7. The emitter detector pair is an LED in the 

near-infrared spectrum paired with a photodiode; the driving electronic device is a circuit that modulates 

the light; the signal processing devices are amplifiers and filters while the recording device could be a 

personal computer [10]. The near-infrared light emitted into the scalp at an angle diffuses through the brain 

tissues resulting in multiple scattering of photons, some of which is reflected back and exits the head where 

it is detected by the detectors located in its path after passing through the cortical region of the brain, where 

oxyhemoglobin and deoxyhemoglobin are changing in time [23, 26]. Then the corresponding relationship 

between the exiting-photon intensity and incident-photon intensity can be used to calculate the changes of 

the concentrations of oxyhemoglobin and deoxyhemoglobin along the path of the photons [26]. 
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fNIRS, being dependent on the BOLD response, shares many of the difficulties of fMRI with respect to 

BMI, such as indirect measurement of neural activity [14], limited communication speeds due to the 

inherent delays of the hemodynamic response [10] and low temporal resolutions [23, 24]. However, many 

researches are being done using fNIRS and some of their short comings are already being overcome, making 

fNIRS a good inexpensive and portable supplement or substitute to EEG. In addition to this, unlike EEG, 

fNIRS is not much susceptible to electrical noise because it is an optical imaging modality [26]. Very 

recently fNIRS was successfully used to investigate the functional activations in the cortex of an ALS 

patient in response to auditorily presented stimuli with a performance rate of 71.76% [25]. Yet, research 

articles discussing fNIRS-BMIs accounted for only 3% of the literature [12]. 

2.1.5 Positron Emission Tomography (PET) 

Positron Emission Tomography (PET) is a noninvasive, three-dimensional (3D) radiation or nuclear 

medicine imaging technique that is used to measure the functional processes within the human body, 

including neural activity [13]. It indirectly measures metabolism on a cellular level by tracking injected 

radioactive isotopes [8] and measuring gamma ray emissions [24]. The commonly used radio tracer for 

PET is fluorodeoxyglucose (FDG) in which deoxy glucose is linked to an F-18 radioisotope [27]. The basic 

concept of PET imaging depends on the process of glucose uptake in FDG, which sets free the radio tracers, 

hence more isotopes are supplied by the blood flow in areas of increased activity. 

PET requires the injection of radioactive compounds prepared in an on-site cyclotron that inserts a 

radioactive atom in a specific marker molecule (The radioactive isotopes used have short half-lives and are 

administered at doses small enough to preclude harmful biological effects) [23]. The arrangement of a PET 

machine consists of coincidence detectors, scintillating crystals, and block detectors [13]; a positron camera 

is also put in a ring around the patient to provide tomographic images [28].  

Some of the disadvantages of PET include its bulky and expensive equipment, low speed, requiring 

injection of radioactive compounds and lower half-life of the radionuclide [13, 23, 24]. The really bad 

Temporal resolution (about 2 min) for PET is another distinct disadvantage [8], while the spatial resolution 

on the other hand is about 5 mm [23]. For these reasons, most BMI research utilizing PET is limited to 

clinical studies only. 

2.2 Invasive Recording Methods 

Invasive recording methods are signal acquisition techniques in which the sensors (electrodes) have direct 

contact with brain tissue. These methods can provide more accurate spatial and temporal information, but 

come at a greater surgical risk to the individual. Invasive recording methods have been prevalent in the 
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literature, both using human subjects as well as rodents and other primates. They account for about third of 

the total BMI research, even though they are showing a steady decline [12]. Two types of invasive recording 

methods are presented here, Electrocorticography (ECoG) and intracortical neuron recording (INR). 

 

Figure 8: Electrophysiological recording techniques. A. EEG, B. ECoG, C. INR [29] 

2.2.1 Electrocorticography (ECoG)  

Electrocorticography (ECoG), also referred to as intracranial EEG, is a method of recording electrical 

impulses in the cerebral cortex with electrodes that are placed on the brain in order to bypass impeding 

material such as the scalp and skull. Historically, this technique was developed by Wilder Penfield and 

Herbert Jasper in the 1940s for exploration with epileptic patients [19]. They placed electrodes directly on 

the cortex through a hole in the skull to record atypical activity related to epilepsy and to identify regions 

for further surgery. 

The physiology behind ECoG is the same as that for EEG, but sensitivity in ECoG is greater because of the 

close nature of the electrodes to the neurons [13]. Like EEG, an ECoG registers primarily the synchronized 

dendritic activity of a large population of pyramidal neurons; however, it provides a considerably cleaner 

signal than EEG, with better spatial and temporal resolution, broader bandwidth (0-500 Hz vs 0-50 Hz), 

higher characteristic amplitude (i.e. 50-100 µV vs 10-20 µV), less filtering of high frequencies, and far less 

vulnerability to artifacts such as blinks, eye movement or ambient noise [10, 13, 14, 17, 30]. But these 

advantages all come with a cost. 
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ECoG is an invasive recording modality which requires opening the skull through a surgical procedure 

called a craniotomy and cutting the membranes that cover the brain to implant an electrode grid. ECoG 

does not damage any neurons because no electrodes penetrate the brain [29]. Even still, the invasive nature 

of ECoG poses obvious risks, including the chance that electrodes can unintentionally move from their 

initial placement and patients are also at risk of postoperative infection and tissue reaction [13]. For that 

reason, the first studies on ECoG were with animals. Early studies involving animals evaluated the long-

term stability of the signals from the brain that ECoG could acquire [10]. The long-term stability of ECoG 

signals has not still been well researched. 

 

Figure 9: ECoG invasive patch electrode placement [27] 

The improved signal-to-noise ratio afforded by ECoG over EEG has enabled BMI devices with greater 

degrees of freedom and bandwidth than is currently possible with the latter technology [14]. ECoG 

recording is located in the middle between invasiveness accuracy and the safety of non-invasiveness [17]. 

Signals obtained by ECoG can be used to send commands to an external device, for example a cursor 

movement [31], a robotic arm [32] or potentially even an exoskeleton [19]. One of the challenges is to 

position these electrodes on the correct regions of the brains during preparation of the implant, which can 

be done by using a MEG. 

2.2.2 Intracortical Neuron Recording (INR) 

Intracortical Neuron Recording (INR) is an invasive technique that records neuronal activity in the gray 

matter of the brain. Just like the EEG and ECoG, this technique relies on the electrical impulses of the brain. 

Through the use of a penetrating electrode made of glass, platinum or tungsten, placed near or within a 

neuron cell body, electrical currents are able to be observed [13]. Three signals can be obtained by 

intracortical neuron recording: single-unit activity (SUA), multi-unit activity (MUA), and local field 

potentials (LFPs) [10, 13, 14]. SUA is obtained by high-pass filtering (>300 Hz) of the signal of a single 
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neuron, while MUA is obtained in the same way, but the signals may come from multiple neurons, and 

LFPs are extracted by low-pass filtering (<300 Hz) of the neuron activity in the surrounding area of an 

electrode tip [33]. LFPs are analog signals whereas SUA and MUA measure the spiking activity of single 

neurons and hence it may better correspond to EEG signal, and it has also been suggested that it better 

corresponds to the BOLD response obtained with fMRI or fNIRS. 

Research into Intracortical Neuron Recording began with animal subjects and has since been applied to 

humans—especially those with severe motor disorders [10, 13]. Multielectrode arrays have been used to 

record neural activity from the motor cortex in monkeys or rats during learned movements [10]. Some 

researchers have trained rats to retrieve drops of water by pressing a lever controlling the rotation of a 

robotic arm, others demonstrated real-time control of robotic arms or of a cursor on a computer display [3]. 

 

Figure 10: A. The 100-Microelectrode Array on top of a US Penny B. The Microelectrode array in a Scanning 

Electron Micrograph C. MRI image of the patient D. The patient working with a technician on a BMI task [10] 

The first type of intracortical BCI (iBCI) implanted into humans, the “cone”—or “neurotrophic”—

electrode, which contains two electrode wires in a glass enclosure, was received by patients with near 

complete paralysis secondary to ALS, brainstem stroke, and mitochondrial myopathy implanted into the 
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motor cortex [34]. By modulating action potentials or local field potentials generated by the axons, which 

have grown into the enclosure, patients demonstrated control over the vertical or horizontal excursion of a 

computer cursor, which re-enabled the ability to control a keyboard-type display. With regard to the 

application of INR in BMI systems, microelectrode arrays such as the Utah Intracortical Electrode Array 

(UIEA) have been reported as a means of providing simultaneous and proportional control of a large number 

of external devices [10]. As can be seen from Figure 10, Microelectrode arrays are very small and can be 

used by patients to perform different tasks. 

INR provides the best means of obtaining a high bandwidth signal with multiple degrees of freedom and a 

much higher spatial resolution that is very detailed and surpasses all other types of signal acquisition 

techniques, while its temporal resolution is similar to that of ECoG. However, there are a number of 

impediments to the use of chronic electrode implants to record cell activity in humans, including the brain 

surgery itself to insert the electrodes, the diminishing of signal acquisition through the electrode over time 

by changes in the sensitivity of the microelectrode or neuronal cell death, tissue damage by the reaction of 

cerebral tissue to the implanted recording microelectrode, foreign body rejection, or electrode movement 

within the brain [10, 13, 14, 17, 29, 30]. For these reasons, most BMI researches, are focused on the 

noninvasive techniques (EEG, MEG, fMRI, fNIRS and PET) and the semi invasive technique (ECoG) 

discussed so far. A simple summary comparing these signal acquisition methods has been presented in Table 

2 below. 

Table 2: Summary of Brain Activity Recording Methods 

{µV – microvolts (unit of potential difference), fT – femto-Tesla (unit of magnetic flux density), Bq/ml – 

Becquerel per milliliter (concentration of radioactivity), * - the output of the IR photodiode} 

Recording 

method 

Activity 

measured 

Measurement 

type 

Temporal 

resolution 

Spatial resolution Invasive Portable Unit of 

measurement 

EEG Electrical Direct ~0.05 s ~10 mm No Yes µV 

MEG Magnetic << ~0.05 s ~5 mm << No fT  

fMRI Metabolic Indirect ~1 s ~1 mm << << fT 

fNIRS << << ~1 s ~5 mm << Yes µV * 

PET << << ~2 min ~5 mm << No Bq/ml 

ECoG Electrical Direct ~0.003 s ~1 mm Yes Yes µV 

INR << << ~0.003 s ~0.5 mm (LFP) << << << 

~0.1 mm (MUA) << 

~0.05 mm (SUA) << 
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Currently the most widely used recording method for BMI research is EEG. It encompasses the benefits of 

good temporal resolution, portability and non-invasiveness, and its disadvantages could be glossed over in 

light of the aforementioned advantages. In order to narrow down the current research, EEG has been chosen 

as the preferred method for BMI neural prosthetics, therefore the proceeding discussions will depend mostly 

on EEG and particularly the Emotiv EPOC EEG device described before. 

Several other novel recording techniques have been developed in the past couple of years, with a great 

possibility of future adaptation as the actual mechanism of cognition in the brain is far from clear. One such 

technique is electrical impedance tomography (EIT) in which the change in impedance in the brain is 

imaged using EEG leads [27]. The basic principle of this method lies in the fact that the impedance of blood 

in the brain cortical area is different from the blood in the blood vessels. This technique has poor Signal-

to-Noise ratio, but is efficient in recording the impedance of various cognitive states. This novel method 

has good temporal resolution as the EEG is involved and its spatial resolution can be improved in the future. 

Another technique is the Functional transcranial Doppler (fTCD), which measures the changes in blood 

flow in major arteries of the brain [23]. Even though it is affordable and portable, it is seldom used in BMI 

research because it can only measure differences between the left and right hemispheres. Single Photon 

Emission Computed Tomography (SPECT) is also another recording technique that is similar to PET. The 

desirable image is generated based on tracking the gamma rays injected in the bloodstream of the patient 

and emitted by radionuclides [35]. SPECT has poor spatial and temporal resolution, leaving it to be rarely 

used in BMI research. Apart from normal optical imaging, Photoacoustic functional imaging using 

Photoacoustic Tomography (PAT) has been used in a rat brain [27]. It depends on optical and acoustic tools 

to locate lesions in a rat brain. Most of these novel techniques haven’t really found wide applications 

because of their limited applications, but they have a bright future to become alternatives to the existing 

popular methods. 

2.3 Brain Rhythms in EEG  

A Successful interface between the brain and a machine depends on two requirements, one from the 

perspective of the signal acquiring device and the second from the perspective of the acquired signal. From 

the perspective of the signal acquiring device, the first requirement is an adequate sensor to communicate 

the intent of the user. Based on the foregoing discussions in the previous sections, we can conclude that 

EEG is the best and most widely used recording method for Brain Machine Interface research because of 

its practicality, speed, safety and stability.  

From the perspective of the acquired signal, the second requirement is the definition and negotiation of a 

mutual language among the brain and the machine (brain signal features such as time-domain or frequency-
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domain measurements at particular locations), so that the brain can communicate intent and the computer 

can detect and effect this intent [30]. In order to understand this common language, we must first understand 

the nature of the measured signal at the brain. The measured EEG signal, observed as a neural oscillation 

called brainwave, could occur in different locations in the brain having different oscillation frequencies. 

Each brainwave, identified by frequency and amplitude (in the range of microvolts), has its own set of 

characteristics representing a specific level of brain activity and mental state [13]. These brain rhythms can 

be used to show the state of a person, from deep sleep to active learning and information processing. Based 

on the dominant frequency at which the brainwave oscillates, we can identify six classical brain rhythms in 

the range of 1 Hz -30+ Hz, Delta (Δ), Theta (Θ), Alpha (α), Mu (µ), Beta (β) and Gamma (γ). There are 

also other frequency ranges, extending this range from near DC potential to several hundred hertz, to 

describe different cognitive states of the individual [36], but for our discussions on BMI the six will suffice.   

Delta (Δ) falls in the range of 1–3 Hz with a variable amplitude that is higher than the other rhythms [8, 10, 

13-15, 28, 35, 36]. In its optimal state it is associated with deep sleep in adults and also in infants [8, 35]. 

It is found frontally in adults and posteriorly in children [28]. Due to its low frequency, it is usually confused 

with artifacts generated by the large muscles of the neck and jaw. 

 

Figure 11: A sample of the Delta waveform in the time domain [35] 

Theta (Θ) has an amplitude that is greater than 20 μV and falls within the range of 4–7 Hz [28, 35, 36]. 

Optimally, a large amount of theta frequency can be seen in young children, older children and adults with 

idling, creative inspiration, mental calculation, maze task demands, conscious awareness, drowsiness, deep 

meditative concentration [10, 14, 35]. Abnormal theta activity can be noticed due to neurological diseases 

such as depression, inattentiveness, hyperactivity, anxiety, poor emotional awareness and stress [28]. 

 

Figure 12: A sample of the Theta waveform in the time domain [35] 
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Alpha (α) is a wave with amplitude of 30–50 μV and change rate between 7 and 12 Hz [15, 28, 35, 36]. It 

is the best-known and most extensively studied rhythm that is best seen with eyes closed and under 

conditions of physical relaxation and relative mental inactivity, while it can be attenuated by attention [10, 

14, 36]. It occurs over the posterior regions of the head with higher voltage over the occipital areas [28]. 

These rhythms are useful signals to measure mental effort since it is induced by relaxation and abolished 

by becoming alert. 

 

Figure 13: A sample of the Alpha waveform in the time domain [35] 

Mu (µ) is found in the alpha wave frequency range where the recorded amplitude over motor and 

sensorimotor cortex is maximum [8, 10, 35, 36]. Hence, mu rhythms are strongly connected to motor 

activities which contrasts them to alpha rhythms. Mu has recently transcended into a powerful contributor 

to the understanding of motor activity. 

 

Figure 14: A sample of the Mu waveform in the time domain [35] 

Beta (β) is associated with motor activities, alert, thinking and active concentration and falls in the range 

between 12 and 30 Hz [8, 10, 28, 35, 36]. Rhythmical beta activity, whose amplitude rarely exceeds 30 μV, 

is encountered chiefly over the frontal and central regions of the brain [36]. Beta rhythms are related to the 

mu rhythm and can be affected during real movement or motor imagery (imagined movement). Suboptimal 

beta activity could be related to stress, anxiety, inability to relax, day dreaming, poor cognition and 

depression [28]. 

 

Figure 15: A sample of the Beta waveform in the time domain [35] 
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Finally, Gamma (γ) could be detected at somatosensory cortex with frequency greater than 30 Hz [8, 10, 

28, 35, 36]. It is also shown during short term memory matching of recognized objects, sounds, or tactile 

sensations when deep concentration is obtained. Gamma rhythms are less commonly used in EEG-based 

BCI systems, because artifacts such as electromyography (EMG) or electrooculography (EOG) are likely 

to affect them and they are also filtered out by the scalp and the skull. Nevertheless, this range is attracting 

growing attention in BCI research because, compared to traditional beta and alpha signals, gamma activity 

may increase the information transfer rate and offer higher spatial specificity [10]. Suboptimal gamma 

activity could be related to anxiety, stress, high arousal, depression or a learning disability [28]. 

 

Figure 16: A sample of the Gamma waveform in the time domain [35] 

Many studies have shown using EEG that humans can use motor imagery (imagined movement) to 

modulate activity in the mu, beta or gamma bands, and to thereby control a BMI system [30]. Therefore, in 

the field of BMI, the mu and beta rhythms, and to some extent the gamma rhythm, have been the most 

widely used and researched brain rhythms. 
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3. Types of Control Signals in BMIs 

Any EEG based BMI needs to be controlled by a defined control signal. These signals might be from one 

of the brain pattern rhythms mentioned in the previous section, such as the mu or beta rhythm, and the task 

of the BMI is to decode the signal and interpret it into a recognizable format. These control signals can be 

categorized into three [35]: Evoked Signals, Spontaneous Signals and Hybrid Signals.  

Evoked Potentials are the signals that are generated unconsciously by the subject due to external stimulus 

which could be uncomfortable and tiring for the subject [8, 35]. Hence, these signals are automatically 

generated by the brain in response to the stimulus and don’t need prior training for the subject. The external 

stimulation can be visual – such as flicking LEDs, auditory or somatosensory [37]. The most common 

evoked potentials are the steady state evoked potential (SSEP) and P300. 

Spontaneous signals on the other hand, are generated by a trained user voluntarily without any external 

stimulations. In such BMIs, sufficient amount of training is required, but nowadays most of the load of 

learning is put on the computer. During the training phase, the recorded brain signals are used to fine-tune 

the signal processing algorithms and train the employed classifiers and machine learning algorithms [8]. 

The most commonly used spontaneous signals are Sensorimotor Rhythms (SMR) and Slow Cortical 

Potentials (SCP). 

3.1 Steady State Evoked Potential (SSEP) 

Steady State Evoked Potentials are rhythmic brain signals generated in response to a steady-state (periodic) 

stimulus being perceived by the subject. The implicated cortex of the brain will not return to its resting state 

but will instead mimic the power of the EEG signals in the frequencies being equal to the stimulation 

frequency and its harmonics and/or subharmonics [8, 13, 38]. There could be several stimuli, corresponding 

to different tasks, flickering at the same time with various frequencies but the user is required to draw his 

continuous attention toward the stimulus corresponding to the desired task. 

There are three types of SSEPs based on the type of stimulus presented to the subject: Steady State Visually 

Evoked Potential (SSVEP) if the stimulus is visual using flickering images, Steady State Auditory Evoked 

Potential (SSAEP) if the stimulus is auditory using modulated sounds and Steady State Somatosensory 

Evoked Potential (SSSEP) if the stimulus is somatosensory using some vibrations [21, 35]. SSVEP, also 

called photic driving is the most popular choice of SSEP used in the design of BMIs. 

Based on the type of modulation, SSVEP could be further classified into time modulated VEP (t-VEP), 

frequency modulated VEP (f-VEP) and pseudorandom code modulated VEP (c-VEP) [10, 35]. A t-VEP 
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has a low information transfer rate which is less than 30 bits/min, while f-VEP has a higher transfer rate of 

30-60 bits/min. Both don’t require any type of training from the user. Further still, c-VEP’s transfer rate is 

very high, about 100 bits/min, but on the other hand, requires the subject to be trained first.  

In a typical SSVEP paradigm, a user looks at an array of LED (or buttons) each flickering at a unique 

constant frequency. As the user focuses attention to the desired button (command) a rapid succession of 

action potentials is produced in the visual cortex, consistent with the flickering frequency of the selected 

button as shown in Figure 17. Hence, a BMI using the SSVEP paradigm can infer a user’s intent by 

measuring the EEG activity at a specific frequency or frequencies recorded over visual cortex of the brain.  

 

Figure 17: SSVEP-based BMI operation and analysis [39] 

In general, SSVEP has the advantage of no training requirement, more degrees of freedom to control 

prosthetic devices since the stimuli can flash at many different frequencies and high pattern classification 

accuracy [13, 37]. These factors have led to the increase in the use of SSVEP paradigm over the past couple 

of years [12]. However, BMIs using SSVEPs have been described as dependent; i.e., they use EEG features 

that depend on the ocular-motor muscles that control eye movements and thus not appropriate for 

individuals who lack muscle control, such as people in the advanced stages of ALS and those who are 

visually impaired [40]. Some recent researchers have found a way to bypass this shortcoming and make it 

suitable for people who are currently considered locked in. SSVEP is also not suitable for long term use 

because staring at the flickering stimuli could cause fatigue. 
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3.2 P300 Evoked Potential 

P300 is one of the most studied event related potentials (ERP). An ERP is an activation (potential) in a 

certain area of the brain in response to a stimulus (event), that could have either a positive or negative 

amplitude [21]. P300 is an evoked positive ERP generated around 300 ms (as shown in Figure 18 A) in the 

EEG over centroparietal cortex after an auditory, visual or somatosensory stimulus that is infrequent, 

desirable or significant is interspersed with frequent or routine stimuli [9, 13, 29, 38]. 

The oddball paradigm, the specific set of circumstances for eliciting the P300 ERP, i.e. infrequent, desirable 

or significant stimulus interspersed with frequent or routine stimuli, has three essential attributes [41]: First, 

a subject is presented with a series of events (i.e. stimuli), each of which falls into one of two classes (e.g., 

a desired or an undesired event). Second, the events that follow into one of the classes are less frequent than 

those that fall into the other class (a rare event versus a usual event). Third, the subject performs a task that 

requires classifying each event into one of the two classes. A P300 is elicited by the events that fall into the 

less frequent class (i.e. the oddball events) as long as an experimental design adopts the three 

aforementioned attributes.  

A famous and pioneering example of the visual P300 paradigm is the speller program created by Farwell 

and Donchin [42] for individuals who cannot use any motor system for communication (e.g. locked-in 

patients). Similar to the one in Figure 18. B, the user faces a 6 X 6 matrix of letters of the alphabet, other 

symbols and commands displayed on a computer screen. The user then focuses attention successively on 

the characters he wishes to communicate as rows and columns of the matrix are repeatedly flashed. The 

user has to count the number of times the row or column that contains the desired letter flashes. With this 

system, users have been able to communicate at a rate of 2.3 words/min with accuracy rates of 95% [42]. 

    

Figure 18: A. P300 Evoked Potential [9]   B. Classical P300-based speller by Donchin [30] 
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The P300 paradigm using visual stimulation has been around since the first speller was developed by 

Farwell and Donchin [42] in 1988. But the first P300 using auditory stimuli hasn’t been developed until 

2005, after which other novel approaches that use auditory stimuli have been developed over the years [43]. 

A tactile P300 BMI has also been developed by fixing vibration motors at different locations around the 

user’s waist [43]. In order to elicit a P300 signal the user had to concentrate on the vibration at the desired 

location and ignore all the rest. Research is still being done to improve tactile, auditory as well as visual 

P300 BMI. 

The most important advantages of the P300 BMI are that most subjects can use it with very high accuracy 

without any prior training and it can be calibrated in minutes [8, 35, 37]. Visual P300 has been showing a 

steady increase in researches over the past couple of years [12]. The popularity of the P300 paradigm is 

owing to the high levels of accuracy coupled with the low-cost, easy-to-use EEGs used to measure this 

response [13]. In comparison to SSVEP BMIs, P300 BMIs take longer time to issue commands, but have 

higher accuracy and a more natural graphical user interface [44]. On the down side, P300 requires repetitive 

stimuli, constant attention and focus like SSEP, which causes fatigue and inconsistency to the subject.  

3.3 Sensorimotor Rhythms (SMR) 

Sensorimotor Rhythm (SMR) refers to oscillations in the electric or magnetic fields falling into three major 

frequency bands: mu (µ), beta (β) and gamma (γ) whose EEG activity can be recorded over the sensorimotor 

cortices (i.e. posterior frontal and anterior parietal areas) [45]. Most SMR studies to date have used EEG 

recording, which is largely limited to mu, beta and lower-frequency gamma activity.  

  
Figure 19: Sensorimotor Rhythm [9] 
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In a typical EEG recorded over the sensorimotor cortex, as shown in Figure 19, users control the amplitude 

of a 8-12 Hz mu rhythm  (or a 18-26 Hz beta rhythm) to move a cursor to a target at the top of the screen 

or to a target at the bottom [9]. The figure also shows that control is clearly focused in the mu-rhythm 

frequency band. 

Beginning with early studies in the 1930s, it has been shown repeatedly that SMRs change with motor 

behavior [45]. During movement, motor imagery (MI, i.e. imagined movement) and movement preparation 

the SMR can be decreased or increased; these options are known as Event-Related Desynchronization 

(ERD) and Event-Related Synchronization (ERS), respectively [9, 21, 37, 43]. ERS, increase in brain 

rhythm, occurs while processing sensory information or producing motor output, while ERD, decrease in 

brain rhythm, occurs while performing the movements, motor imagery or movement preparation. ERD and 

ERS happen contralateral to the movement, i.e. ERD happens over the right motor cortex by left-hand 

imagination, while right-hand imagination causes ERD over the left motor cortex [8, 30]. 

 

Figure 20: The motor Homunculus (Sensory Motor Map of the Brain) derived by Wilder Penfield adapted from [46] 

Studies have shown that subjects, including those with ALS or spinal cord injury, can learn to self-regulate 

µ or β-rhythm amplitudes in the absence of any movement or sensation, and subsequently to move a cursor 

to a specific position of the computer screen, to select letters, or to operate a prosthetic device [47]. Despite 

showing a steady decline because of needing prolonged training periods, Motor Imagery (MI) still accounts 
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for over 50% of the BMI paradigms in use over the past couple of years [12]. During MI, the user imagines 

the movement of various body parts, such as right and left hands, feet and tongue [8, 21, 38]. The MI 

paradigm is possible because merely imagining a motor activity generates similar activations as real 

movement. The locations of the activations in the sensorimotor cortex depends on the limb involved, since 

each limb is mapped in the sensorimotor cortex as shown in Figure 20. 

The sensorimotor map of the brain as shown in Figure 20 depicts the areas of the sensorimotor cortex 

associated with distinct motor and sensory functions. It has a distorted image of the body in which parts 

that require more finely graded control have disproportionately large representations [48]. The hands, feet, 

and tongue are represented over large areas of the sensorimotor cortex owing to the complex and regular 

motion they produce [13]. This motor homunculus (sensory motor map of the brain) illustrating the effects 

of electrical stimulation of the cortex of human neurosurgical patients was pioneered in 1937 by Canadian 

neurosurgeon Wilder Penfield.  

In general, SMR paradigm doesn’t need any external stimuli, i.e. it is a spontaneous EEG signal, since the 

oscillatory EEG components are modulated by imagined and not evoked movements. The main drawback 

of the SMR paradigm is that the training time for 2D and 3D control can take weeks or months [37]. 

However, advanced signal processing and machine-learning algorithms enable the SMR-based BMI to 

work efficiently with only a few sessions of training [8]. Despite all these, self-control of SMR is not 

easy, and most people have difficulties with MI because they tend to imagine visual images of 

related real movements, but the patterns of such SMR differ from actual MI [10].  

3.4 Slow Cortical Potential (SCP) 

Slow Cortical Potentials (SCP), considered amongst the lowest frequency (1-2 Hz) features of the scalp-

recorded EEG, are slow voltage changes generated in the frontal and central parts of the cortex that occur 

over 0.5-10 s [9, 35]. In a normal brain function, a change in the direction of negative polarity is associated 

with increased excitation of cortical neurons or movement, while a change in the direction of positive 

polarity is associated with decreased excitation of cortical neurons and calm [13, 29]. This brain signals can 

be used by healthy and paralyzed users alike to control external devices.  

Some researchers have shown that with substantial training subjects can learn to control SCP amplitudes to 

produce positive or negative voltage shifts using a thought translation device (TTD) [49, 50]. The TTD is 

a tool used for self-regulation of SCP training, which shows visual-auditory marks so that the user can learn 

to shift the SCP [10]. It typically comprises a cursor on a screen in such a way that the vertical position of 

the cursor constantly reflects the amplitude of SCP shifts. It has provided basic communication capability 
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and control over simple Internet tasks in numerous patients with end-stage ALS [9, 49]. In 1999, the very 

first verbal message ever communicated with a brain-computer interface was seen as a message on screen: 

written exclusively by regulation of the EEG, where two ‘locked-in’ patients with ALS were operant 

conditioned with direct positive feedback selecting letters from computer presented letter strings using 

learned voluntary decrease of SCPs [50]. For instance, Figure 21 shows, users learning to control SCPs to 

move a cursor toward a target (e.g. a desired letter or icon) at the bottom (more positive SCP) or top (more 

negative SCP) of a computer screen [9].  

 

Figure 21: Slow Cortical Potential [9] 

SCP shifts can be used to move a cursor and select the targets presented on a computer screen, to operate 

spelling interfaces, to navigate the internet or control environmental devices [10, 38]. Currently, SCP is not 

preferred by many researchers because of its extensive and intensive training requirement using 

individualized cognitive and behavioral strategies, need for professional assistance and continuous 

technical support, therefore it is being replaced by SMR [13, 35, 46]. The successful use of SCP-based BMI 

requires several training sessions over weeks or months, while not all motor impaired patients can gain full 

control of their SCPs. Unlike SSEP and P300, SCP BMIs don’t need external stimulus, instead users only 

need to control their thought process. 

3.5 Hybrid Paradigms 

BMI systems based on a single signal, as mentioned in the previous sections do not work for all users 

because some users cannot attain accuracy adequate enough for effective communication [44, 50]. 
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Therefore, hybrid BMIs, i.e. a novel BMI that combines two different kinds of BMI or a BMI with a 

conventional muscle-based control, have drawn considerable attention in recent years [12, 39]. A hybrid 

BMI, like any BMI, must fulfill the following criteria—the device must rely on signals recorded directly 

from the brain, there must be at least one recordable brain signal that the user can purposely modulate to 

effect a goal-directed behavior, real time processing, and the user must get feedback [50]. The main purpose 

of hybrid BMIs is to avoid the disadvantage of the individual systems.  

In [51], a hybrid paradigm based on SSVEP and P300 was designed with an aim to improve the performance 

of the BMI based on the accuracy of classification and elevation of information transfer rate as compared 

to traditional BMIs. In another hybrid design, the user could turn an SSVEP-based BCI on or off by using 

a SMR-based switch operated by imagining foot movements [39]. SMR and P300 can also be combined to 

control commands in a virtual environment, where the SMR is used for navigation and the P300 to switch 

the system state [52]. Electrooculography (EOG) and the P300 can also be combined to enhance the 

classification accuracy and the system response time [35]. SMR and fNIRS have also been used together 

to improve classification accuracy and performance [53]. There are many other hybrid paradigms whose 

main aim is to enhance the performance of the system by taking the advantage of the individual systems. 
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4. Survey of Feature Extraction Mechanisms used in BMIs 

The second major step in a BMI design, after signal acquisition, is Signal Processing. The BMI needs to 

process the acquired signal in real time to improve the signal quality and to detect the control signals that 

reflect the user’s intent. All EEG-based BMI classes have to face the problem of separating the control 

signal from interfering noise signals which have two sources: non-EEG artifacts, such as recording noise, 

power line interference, eye movement and eye blinking (Electrooculography EOG), Electromyography 

(EMG) and Electrocardiography (ECG); and EEG signals that are not used as control signals [54]. This 

separation is performed in the signal processing unit of the BMI system. The signal processing unit has 

three stages: preprocessing, feature extraction and feature translation or classification.  

The preprocessing unit aims at simplifying subsequent processing operations by reducing noise and artifacts 

present in the brain signals [8]. Preprocessing enhances the relevant information hidden in the input signals 

by improving the signal-to-noise ratio (SNR). Artifact on the other hand, can be classified as the part of 

EEG signal that comes from muscular activity of head (EMG) and eye movement (EOG) which generates 

electrical activity that is unrelated to the brain [55]. In BMI research, the proper preprocessing of EEG 

signal is needed to have good feature extraction as well as the subsequent high classification accuracy. 

One of the most important components of a BMI system is the EEG signal feature extraction procedure, 

due to its role on the proper performance of the classification stage at discriminating mental states [56]. The 

features are measured or derived from the properties of the signals which contain the discriminative 

information needed to distinguish their different types [10]. Features are extracted from the signal in either 

time domain or frequency domain. Generally, P300 BMIs use temporal features, whereas ERD and SSVEP 

BMIs employ frequency features [44]. 

Features to be extracted in a BMI system can be categorized into four: time, space, time-space and inverse 

models [57]. However, the most commonly extracted features are the time and space features. As typical 

examples of space features principal component analysis or independent component analysis can be applied 

to reduce the dimension of the original data, removing the irrelevant and redundant information and thereby 

reducing Computational costs [10]. Both, along with the common spatial pattern (CSP), are the three 

common methods for deriving data-dependent spatial filters. 

In a BMI, time information about when a certain feature occurs should be obtained because brain signals 

are non-stationary [10]. Time features are commonly extracted in BMIs using Fourier Transform, Wavelet 

Transform and Autoregressive models. In this section, methods to obtain the relevant characteristics of 

brain signals as well as methods to extract relevant features are discussed. Firstly, feature extraction 
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methods in space, such as principal component analysis, independent component analysis and common 

spatial patterns are explained. Then, time and/or frequency methods, such as fast Fourier transform, wavelet 

transform, and parametric modeling, such as autoregressive model, are surveyed.  

4.1 Principal Component Analysis (PCA) 

Principal component analysis (PCA) is a statistical feature extraction method that uses eigenvalue 

decomposition to convert a set of correlated variables into a set of linearly uncorrelated variables where 

each of the resultant variables is referred to as a principal component [10, 58]. Because EEG channels tend 

to be highly correlated, PCA can be useful for localizing and enhancing certain brain activity, particularly 

when amplitude variance is correlated with the BMI task conditions [59]. PCA works by forming new 

dimensions from the original data so as to maximize the variance in the data along these factors; the 

collected set of new dimensions will often be far fewer than the original set [14]. 

The dimension of EEG feature vectors obtained upon concatenation of data from each channel can be 

reduced using PCA, which projects the feature vectors to the subspace spanned by the largest eigenvectors 

of the feature covariance matrix in order to preserve high power bands [60]. Mathematically, PCA performs 

an orthogonal linear transformation to a new coordinate system such that the original signals are ordered 

according to decreasing variance in which, the first principal component contains the highest possible 

variance of the original signal, and the second will contain the second highest and so on [10, 61]. The first 

few principal components usually capture most of the variance and therefore, the remaining components 

are typically discarded. 

PCA has been used in several EEG BMI applications because it is proven to reduce noise, improve the 

classification accuracy, reduce the dimension of the feature space before classification and to remove the 

EEG artefacts [62]. PCA has been proven especially effective at reconstructing the signals with fewer 

artifactual components in EEG signals, reducing feature space dimensionality and the production of spatial 

filters [13, 58]. But, PCA doesn’t always guarantee a good classification since the best discriminating 

components may not figure among the largest principal components [10]. For instance, if all of the original 

channels are corrupted with significant 50-Hz line noise compared to the EEG signal power, it is likely that 

this 50-Hz signal will appear as a top PCA component although it would be independent of any BCI task 

conditions [59]. In these cases, PCA signals accounting for the largest amplitude variance are not correlated 

with the task conditions and therefore relevant information could be discarded. 
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4.2 Independent Component Analysis (ICA) 

Independent Component Analysis (ICA) is a statistical method that assumes the recorded value of the EEG 

signal, without any prior information, is a combination of mutually independent sources coming from 

different cognitive activities inside the brain [10, 62]. These cognitive activities are the summation of neural 

activity, contributions of nonbrain sources such as scalp muscle (facial EMG), blinks or eye movements 

and cardiac artifacts, plus (ideally small) electrode and environmental noise [58]. Independence, as applied 

in ICA, is a stricter constraint on the statistical relationship between channels than uncorrelatedness, as 

applied in PCA [59]. ICA decomposes these multidimensional signals into statistically independent 

components separating useful components from noise in brain signals and improving the signal to noise 

ratio. 

Because of the main advantage of ICA of not requiring a priori knowledge or hypotheses, it has traditionally 

been used as a preprocessing tool before the feature extraction step, in order to remove ocular artifacts in 

BMI systems [13]. It can also be modified to classify EEG signals by fitting the generative ICA model to 

each task and employing Bayes’ rule to create the classifier [10, 62]. ICA has been proven to be a powerful 

and robust tool for artifact removal in signal analysis showing high performance when the size of the data 

to decompose is large.  

ICA has been widely applied to EEG signal fields for denoising and artifact removal [58]. ICA algorithms 

are relatively complex but more importantly, the number of independent sources must be accurately 

approximated to effectively isolate the intended source information [59]. An important application of ICA 

is in blind source separation (BSS), which is an approach to estimate and recover the independent source 

signals using only the information of their mixtures observed at the recording channels [63]. 

The ICA algorithm decomposes the multi-channel EEG data into temporal independent and spatial-fixed 

components [64]. There are many freely available ICA algorithms such as the information maximization 

approach and the second order or higher order statistics-based approaches [61]. The shortcoming of the 

basic ICA estimation is, however, that the high computational cost comes about as a result of using high 

dimensions [13]. Despite these, however, ICA is and effective method for removing artifacts and separating 

individual sources of brain signals. 

4.3 Common Spatial Pattern (CSP) 

Common Spatial Pattern (CSP) is a data-driven supervised statistical learning algorithm commonly used as 

a spatial filter for feature extraction in BMI [13, 65]. It attempts to exploit the high spatial correlations in 

extracting common underlying responses for a trial in the BMI presentation paradigm [60]. For a two-class 
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classification problem, CSP finds a transformation that maximizes the variance of the samples of one 

condition and simultaneously minimizes the variance of the samples of the other condition to calculate the 

direction for maximum discriminability [10, 52, 55, 61, 62]. CSP is one of the most popular spatial filtering 

algorithms, which is increasingly used in feature extraction mechanisms, that has proved to be very 

efficient. 

Unlike PCA and ICA, CSP is a supervised spatial filtering method because it requires not only training 

samples but also the information to which condition the samples belong to compute the linear 

transformation matrix [61]. CSP helps to discriminate vague spatial information such as ERD/ERS effects 

among EEGs [13]. Several improvements have been proposed to increase the performance of the original 

CSP method by fusing other spatio-spectral features, such as, Wavelet Common Spatial Patterns (WCSP), 

Common Spatio-Spectral Patterns (CSSP), Common Sparse Spectral Spatial Patterns (CSSSP), Spectrally 

weighted Common Spatial Patterns (Spec-CSP), Sub Band Common Spatial Patterns (SBCSP), Filter Bank 

Common Spatial Patterns (FBCSP), Discriminative FBCSP (DFBCSP) and Separable Common Spatio-

Spectral Patterns (SCSSP) [10, 13, 52, 55]. Overall, CSP has a better performance than other algorithms in 

the aspect of spatial resolution and has been used in many BMI applications, especially for motor imagery 

tasks. 

4.4 Fast Fourier Transform (FFT) 

Fourier Transform transforms a time-domain (i.e. time on the x-axis) signal to its equivalent frequency-

domain (i.e. frequency on the x-axis) representation. The Fast Fourier Transform (FFT) is an efficient 

implementation of the discrete Fourier Transform, which is the discrete time equivalent of the continuous 

Fourier Transform. FFT employs mathematical means or tools to EEG data analysis [66]. 

FFT gives information about the frequency content, but it is not accompanied by information on when those 

frequencies occur, preventing it from analyzing non-stationary EEG signals [55]. The Short-term Fourier 

Transform (STFT) was proposed to overcome this shortcoming [10]. In STFT, the signal is divided into 

small overlapping frames on which FFT is applied by placing a window function on time axis [55]. The 

drawback of STFT is the finite length window; the narrow window offers better time resolution and poor 

frequency resolution, and wider window results in good frequency resolution and poor time resolution [67]. 

The FFT of the autocorrelation function of a signal gives us its Power Spectral Density (PSD). PSD 

describes how the power of a signal is distributed in frequency [56]. Since FFT can be used to generate the 

PSD feature of an EEG signal, it is sometimes interchangeable for FFT in the literature. 
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4.5 Autoregressive Models (AR) 

Autoregressive (AR) spectral estimation is a method for modeling EEG signals as the output random signal 

of a linear time invariant filter [10, 52]. The aim of the AR procedure is to obtain the filter coefficients, 

which will be used as features of brain signals. The principle behind it is to extract certain statistics, such 

as the variance of the data for modeling the time series [61]. AR methods don’t have problem of spectral 

loss and thus yield better frequency resolution unlike nonparametric approach [66]. It is the most widely 

used method for nonstationary signals as EEG, where parameters are supplied to the model [64]. 

AR spectral estimation is preferred to Fourier Transform, because of its superior resolution for short time 

segments [10]. Due to the non-stationary nature of EEG signals, in which AR performs poorly, an approach 

referred to as adaptive AR (AAR) model was proposed and has been used in EEG-based BMIs [68]. To 

extract features of multi-channel EEG signals multivariate adaptive AR (MVAAR) model has been 

proposed to design more effective on-line BMI systems. MVAAR has been proved experimentally to be 

very effective for feature extraction of MI-based EEG signal processing [52, 64]. 

4.6 Wavelet Transform (WT) 

Wavelet Transform (WT) is a mathematical tool formulated by Grossman and Morlet in 1984 and widely 

used for extracting information from many different kinds of data, especially nonstationary signals, because 

it provides a flexible way of representing the time-frequency of brain signals [10, 64]. It is a spectral 

estimation technique in which any general function can be expressed as an infinite series of wavelets where 

each wavelet has specific time-frequency characteristics [55, 66]. ‘Wavelet’ is a wave of finite duration and 

finite energy, which is correlated with the signal to obtain the wavelet coefficients [67]. 

WT is a powerful tool for the decomposition of transient brain signals into their constituent parts, based on 

a combination of criteria such as frequency and temporal position [10]. It uses varying size window such 

that high frequencies are evaluated on the shorter window and low frequencies over longer window thus 

performing better in time resolution of high frequencies as compared to STFT [55]. WT gives better 

performance than FFT or AR by combining frequency information and time domain information. 

There are two types of Wavelet Transforms: Continuous Wavelet Transform (CWT) and Discrete Wavelet 

Transform (DWT). The CWT is a kind of template matching, similar to a matched filter in which the cross 

variance between the signal and a predefined waveform is calculated [10]. DWT was introduced to reduce 

the redundancy and complexity of CWT by translating and dilating the mother wavelets in certain discrete 

values only. The coefficients of DWT have been considered as the feature of MI pattern recognition [52]. 

Despite its redundancy and complexity, CWT has been employed to extract features from P300 and SCP 
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because it can clarify subtle information that DWT is unable to extract [10]. Other extensions of WT have 

also been used in the literature such as, Fast Wavelet Transform (FWT), Wavelet Packet Transform (WPT) 

and Wavelet Packet Best Basis Decomposition (WPBBD) [52, 55]. 

4.7 Other Feature Extraction Mechanisms 

The surface Laplacian (SL) reference methods can enhance EEG spatial resolution by filtering out spatially 

broad features among nearest-neighbor or next–nearest-neighbor electrodes [13]. Its advantages are that it 

can be used as a spatial filter to eliminate spatial noise and it is reference independent, even though it cannot 

detect widely distributed brain activity. Kalman Filter (KF) is another feature extraction mechanism used 

to estimate unknown variables from measurements that contain noise or inaccuracies [65]. Canonical 

Correlation Analysis (CCA), a good alternative to CSP, is very successfully applied to SSVEP-based BMIs 

with food performance, where the target signals are sinusoidal signals (possibly with harmonics) of different 

frequencies, and additionally the phase of the oscillations is the same in each epoch [13, 52]. There are 

many other feature extraction mechanisms used in the literature, but these are the common ones used in 

EEG-based BMI researches. 

4.8 Literature Review of a sample feature extraction mechanism 

R. Bousseta et al [69] proposed a novel BMI system that consists of controlling a robot arm based on the 

user’s thought to help handicapped people find a specific object in the environment. First, an Off-line BCI 

with four mental motor tasks, movements of the right hand, left hand, both right and left hands or the 

movement of the feet depending on the protocol established, were used to train a volunteer. Secondly, a 

real time BMI was implemented to allow the user to control, with the same imagined tasks, a robot arm in 

the four directions: right, left, up and down.  

The experimental setting used five components: Emotiv EPOC headset, a personal computer for acquisition 

and feedback, Advanced Robotic Manipulator by Invenscience (Arm 2.0), Trustcam’s Spotlight Webcam, 

and a second personal computer for controlling the arm. The locations of the 14 electrodes of the Emotiv 

headset do not correspond exactly to the positions of the standard 10–20 system, consequently, the headset 

was tilted. Data were then amplified and digitized with a sampling frequency of 128 Hz. 

These activities were then sent to the computer for analysis. Feature extraction was performed using the 

PCA method combined with the FFT within the frequency band responsible for SMR (8 Hz–22 Hz). These 

features were then fed into a classifier whose outputs were translated into commands to control the robot 

arm. Their proposed BCI enabled the control of the robot arm in the four directions: right, left, up and down, 

achieving an averaged accuracy of 85.45%. 
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5. Survey of Classification Algorithms used in BMIs 

The final step in the signal processing unit of a BMI is classification, and an important element in this 

operation is a data classifier, or a classification algorithm, that aims at automatically determining a user’s 

intention by classifying extracted brain features [13]. Classification is the crucial step that converts the 

extracted features into execution of desired and meaningful actions. In most studies, classification accuracy 

is used as the only criterion to evaluate a classifier, even though other criteria such as sensitivity, specificity, 

discriminant power, Youden’s index and computational time are also used to evaluate the performance of 

a classifier [70]. Therefore effectiveness, efficiency and accuracy of the classification algorithm are key to 

the performance of the entire system. 

Classification algorithms, the most popular approach in contrast to regression algorithms, use the features 

extracted as independent variables to define boundaries between the different targets in feature space [10]. 

The classification algorithms used in BMI research could be divided into 5 basic categories as, linear 

classifiers, neural networks, nonlinear Bayesian classifiers, nearest neighbor classifiers and hybrid 

classifiers (i.e. combinations of classifiers) [28, 71]. Other classifiers not in these categories are, Deep 

Learning (e.g. Convolutional Neural Networks (CNN)), Fuzzy Logic (FL), Linear Regression (LR), 

Regularized Discriminant Analysis (RDA) and Adaptive Neuro-Fuzzy Inference System (ANFIS). The 

most commonly used algorithms in the literature are described and compared below. 

5.1 Linear Classifiers 

Linear classifiers are discriminant algorithms that use a linear function to classify the data into mutually 

exclusive and exhaustive classes, assuming that the data come from a Gaussian mixture model [13, 71]. 

Linear classifiers are widely used for designing BMI applications due to their good performance, structural 

simplicity, competitive accuracy, very fast training and learning, often simple implementation and low 

computational complexity [13, 58]. They have been used in more than half of the EEG-based BMI articles 

and are probably the most popular algorithms for BMI applications [8, 12]. The two main linear classifiers 

used for BMI design are Linear Discriminant Analysis (LDA) and Support Vector Machine (SVM). 

5.1.1 Linear Discriminant Analysis (LDA) 

Linear Discriminant Analysis (LDA) is a very simple classifier with acceptable accuracy that has low 

computational requirement resulting in its stability and making it a commonly used classifier in EEG based 

real-time BMI applications [10, 44, 55, 70]. The aim of LDA is to use a line, a plane or a hyperplane to 

separate the data representing two classes, although it is possible to extend the method to multiple classes 
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[10, 13, 71]. For a multiple-class problem, a generalization of LDA is used called multiple discriminant 

analysis (MDA), which applies several hyperplanes to separate the features [65].  

LDA has very low computational complexity which makes it suitable for online BMI systems with a rapid 

response but limited computational resources [10, 13, 58]. LDA assumes normal distribution of the data, 

with equal covariance matrix for both classes. The separating hyperplane is obtained by seeking the 

projection that maximize the distance between the two classes means and minimize the interclass variance, 

i.e. the intra-class variance of features increases and the inter-class variance decreases [70, 71]. LDA, being 

a supervised method for classification [60], has been one of the most widely used classifiers accounting for 

over a third of the EEG-based BMI articles in the years 2007-2011 [12]. 

LDA has been successfully used for classification of motor imagery-based BMIs, P300 Spellers, as well as 

for dimension reduction and feature selection [13, 55, 70]. Nevertheless, in problems with few training data, 

it suffers from dimensionality, its performance is reduced in the presence of noise and outliers and it often 

fails when the discriminatory information is not in the mean but rather in the variance of the data [13, 70]. 

Therefore several improvements of this classifier have been suggested, such as, Fisher LDA (FLDA), 

Regularized LDA (RLDA), Regularized Fisher LDA (RFLDA), Bayesian LDA (BLDA), Stepwise LDA 

(SWLDA), automatic stop-SWLDA (asSWLDA), shrinkage LDA (SKLDA) and Kalman adaptive LDA 

(KALDA) [10, 68, 70, 71]. SWLDA has an inherent automatic feature selection property and is commonly 

used in P300-based BMI systems [60]. 

5.1.2 Support Vector Machine (SVM) 

A Support Vector Machine (SVM) classifier, in a similar way to LDA classifier, constructs a discriminant 

hyperplane or set of hyperplanes, in order to separate the feature vectors into several classes [10]. However, 

in contrast to LDA, SVM selects the hyperplanes that maximize the margins, that is, the distance between 

the nearest training samples and the hyperplanes [10, 13, 55, 58, 71]. Maximizing the margins is known to 

increase the generalization capabilities [61, 71]. The data points that are closest to or on the separating 

hyperplane (a linear decision surface) are called support vectors [13]. An SVM uses regularization, in order 

to prevent the classifier from accommodating possibly noisy datasets [10]. 

Distribution of some data could prevent any linear separation between classes. In such cases, a mapping of 

the data to a higher dimensional space is needed, where a linear separation is possible. Despite being known 

as a linear classifier, SVM can efficiently classify nonlinearly separable data by using a kernel function to 

map the data into a higher-dimensional space [10, 13, 55, 56, 71]. The kernel that is usually used in the 

BMI field is the Gaussian, an example of the Radial Basis Function (RBF) kernel [10, 13, 56].  
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SVMs have several advantages because of theoretical reasons such as good generalization properties, 

relative insensitivity to overtraining, speed of training, robustness and the curse of dimensionality, which 

means a large training set is not required for good results [10, 13, 28, 55, 71]. For these and other 

advantages, the SVM classifier has accounted for over 15% of the EEG-based BMI literatures in the years 

2007-2011 [12]. Hence, SVM classifiers have been successfully applied in MI-based BMI and P300 evoked 

potentials.  

In order to maintain the classification accuracy and overall performance of the SVM classifier which 

degrades with time because of the high variability of recorded brain signals in a BMI system, online 

classification and adaptive schemes which modify BMI classification parameters in real time systems are 

particularly important [68]. Other disadvantages of SVM include a poor performance if the number of 

features is much greater than the number of samples, an expensive n-fold cross-validation to calculate 

probability estimates, and a lower speed of execution [10, 13]. But it is still speedy enough for real time 

BMIs. 

5.2 Artificial Neural Network Classifiers (ANN) 

Artificial Neural Networks (ANN) are non-linear classifiers that have been widely used in many 

applications, in a wide variety of disciplines such as computer science, physics, and neuroscience [10, 44]. 

The idea of ANN is inspired by biological neural networks, i.e., to apply the powerful decision-making 

capabilities of biological neural networks to a variety of classification problems. In this manner, they are 

capable of approximating any continuous function and solve multiple-class classification problems 

effectively [65]. 

Each neuron in ANN mimics the biological neural network neurons and a proper architecture of these can 

lead to the development of an effective classifier [28]. It is one of the most successful for classification 

tasks in BMI applications [13]. ANN is an assembly of several artificial neurons which leads to nonlinear 

decision boundaries [28, 71]. By treating the brain signals as patterns, ANNs can learn from training data 

and be used in pattern recognition. After training, the ANNs can recognize a set of training data related 

patterns. ANN provides reasonable tradeoff between accuracy and speed [55].  

5.2.1 Multilayer Perceptron (MLP) 

Perhaps the most widely used of all kinds of ANNs is the Multilayer Perceptron (MLP) introduced by 

Rumelhart and McClelland in 1986 [10]. It consists of a number of highly interconnected neurons or 

perceptrons organized into different layers, an input layer, an output layer, and in between one or more 

hidden layers [13]. In each hidden layer, each neuron is connected to the output of each neuron in the 
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previous layer and its output is the input of each neuron in the next layer. ANNs and thus MLP, are universal 

approximators, i.e., when composed of enough neurons and layers, they can approximate any continuous 

function [13, 58, 71]. Hence, MLP can be applied for almost all machine-learning problems including 

binary classification or multiclass classification or modeling.  

There are important properties common to most ANNs and thus MLP, such as learnability, generalizability, 

nonlinearity and fault tolerance [13]. The advantages of MLP are, its fast operation, ease of implementation 

and requiring small training sets [64]. Consequently, MLP have been applied to almost all BMI problems 

such as to classify two, three and five different tasks and to design synchronous or asynchronous or motor 

imagery BMIs [10, 13, 71]. Moreover, MLP has been used for preprocessing EEG signals before the feature 

extraction step rather than the classification step, in order to improve the separability of EEG features [10]. 

The main disadvantage of MLP is overfitting upon encountering a complex learning model provided with 

few training samples, especially with such noisy and non-stationary data as EEG [58, 68, 70, 71]. 

5.2.2 Other ANN Architectures 

Other types of ANN architecture are used in the field of BMI as well. Among them one was specifically 

designed for BMI, the Gaussian Classifier [13, 55, 71]. It has been successfully applied to motor imagery 

and asynchronous BMI. This NN outperforms MLP on BMI data and can perform efficient rejection of 

uncertain samples [71]. Besides the Gaussian classifier, several other NN have been applied to BMI 

purposes, in a more marginal way, such as, Probabilistic Neural Networks (PNN), learning vector 

quantization (LVQ) neural network, Fuzzy ARTMAP neural network, Finite Impulse Response Neural 

Networks (FIRNN), RBF neural network, Bayesian Logistic Regression Neural Network (BLRNN), 

Adaptive Logic Network (ALN), Probability estimating Guarded Neural Classifier (PeGNC), Gamma 

Dynamic Neural Network (GDNN), Radial basis function neural network (RBF-NN) and Polynomial 

Neural Network (PNN) also known as the group method data handling (GMDH) [10, 13, 70]. 

5.3 Nonlinear Bayesian Classifiers 

The Bayesian approach to statistics uses the concept of maximum likelihood to combine prior knowledge 

with newly acquired knowledge to produce a posterior probability [72]. The first step for a BMI that uses 

one feature, is to assign each value of the feature to one of a limited number of categories, and then these 

will be used to compute the probability of each possible class membership (i.e. the probability that each 

possible BMI output is the user’s intended output).  

These Bayesian classifiers are generative and produce nonlinear decision boundaries [28, 64, 71]. This 

enables them to perform more efficient rejection of uncertain samples than discriminative classifiers, such 
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as Linear Classifiers and Neural Networks [64, 65, 71]. Two types of nonlinear Bayesian classifiers are 

commonly used in BMI research, Naïve Bayes and Hidden Markov Model (HMM), although Bayesian 

Graphical Network (BGN) has been employed for BMI, it is not common and, currently, not fast enough 

for real-time BMI [71]. Even though, they have been used in some motor imagery and P300 studies, 

Nonlinear Bayesian Classifiers are less widely spread in BMI applications than linear classifiers or Neutral 

Networks [10, 62]. 

5.3.1 Naïve Bayes (NB) 

There are many ways to apply Bayesian Classifiers, but the simplest is the Naïve Bayes (NB) classifier 

which makes the simplifying assumption that the features are independent [72]. It is a simple, 

straightforward and intuitive method for designing a classifier from training features based on applying 

Bayes theory. Simplicity of structure as well as high speed and efficiency in dealing with large dimension 

data, which is proven to be comparable to other common classification methods in some areas, are some of 

the outstanding characteristics of this classifier [70]. It has proved successful even when there are many 

features and very little training data, such as at the start of BMI usage [72]. Despite accuracy and efficiency 

of NB classifiers in classification of MI EEG signals, these classifiers are less frequently used in BMI-

related problems [70]. 

The NB approach provides a means of incorporating prior information into the discriminant, without 

dealing with issues that arise due to correlations between the features (i.e., the problem of collinearity) [72]. 

Different methods have been put forward in order to increase the accuracy and improve the performance of 

the NB algorithm which resulted in introduction of algorithms such as the tree-augmented naive Bayesian 

(TAN) and Bayesian network-augmented naive Bayesian (BAN) [70]. 

5.3.2 Hidden Markov Model (HMM) 

Hidden Markov Models (HMM) are popular dynamic nonlinear Bayesian classifiers [64]. It is a stochastic 

process that has unobserved (hidden) states that can only be observed through another set of stochastic 

processes that produce the sequence of observed symbols [62]. An HMM is a kind of probabilistic 

automaton that can provide the probability of observing a given sequence of feature vectors, such as 

Gaussian Mixture Models (GMM) for BMI [71]. 

HMMs are well known for their application in temporal pattern recognition such as speech, handwriting, 

gesture and bio-signal recognition, while also being used in some EEG-based BMI applications [13, 62]. 

As EEG components used to drive BMI have specific time courses, HMM, which are perfectly suitable 

algorithms for time series, have been applied to the classification of temporal sequences of BMI features 
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and even to the classification of raw EEG [71]. Other types of HMM, such as Coupled HMM (CHMM) and 

input-output HMM (IOHMM) have also been applied to EEG-based BMIs [13]. 

5.4 Nearest Neighbor Classifiers 

They are discriminative and simple nonlinear classifiers that consist in assigning a feature vector to a class 

according to its nearest neighbor(s) [71]. There are two types of nearest neighbor classifiers, k Nearest 

Neighbors (k-NN) and Mahalanobis Distance (MD). The more popularly used nearest neighbor classifier, 

k-NN will be discussed below. 

5.4.1 k Nearest Neighbor (k-NN) 

k-nearest neighbor classifiers (k-NN) are based on the principle that the features corresponding to the 

different classes will usually form separate clusters in the feature space, while the close neighbors belong 

to the same class [10]. The aim of this technique is to assign to an unseen point the dominant class among 

its k nearest neighbors within the training set, usually obtained using a metric distance for BMI [70, 71]. 

The advantage of taking k neighbors into account in the classification is that error probability in the decision 

is decreased, because the probability of several simultaneous erroneous datum is much lower [10]. 

K-NN is very simple to understand, implement and debug, but at the same time, it has poor performance if 

training set is large and it is also sensitive to irrelevant and redundant features [64]. k-NN is not very 

common in BMI research, because it is very sensitive to the curse-of-dimensionality of the feature vector, 

even though it has been proven to be efficient with low dimension feature vectors [10, 62, 70, 71]. 

5.5 Combinations of Classifiers (Hybrid) 

A recent trend in EEG-based BMI research has been to use an ensemble combination of classifiers in 

various ways. Some of the common classifier combination strategies used in BMI applications are, 

Boosting, Voting, Bagging and Stacking [70, 71]. Boosting consists in using several classifiers in cascade, 

each classifier focusing on the errors committed by the previous ones [71]. Although the most commonly 

used form of boosting is AdaBoost, first introduced for adaptive boosting, other algorithms such as, Logit 

Boost, Gentle Boost, Float Boost and Modest Boost also exist [62, 70].  

In Voting, several classifiers are used, each assigning the input feature vector to a class and the final class 

being that of the majority [71]. It is the most simple and popular method [28]. The bagging classifier creates 

various data subsets (by selecting instances with normal and renewable distribution) from main training 

data using the bootstrap method [70]. Stacking consists in using several classifiers, each of them classifying 

the input feature vector, whose output is then given as input to a so-called meta-classifier [71]. 
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5.6 Literature review of a sample classification algorithm 

Rajkumar Saini et al. [73] proposed a novel multimodal user identification and verification scheme 

combining two inter-linked biometric traits, i.e. signature and brain signals (EEG). The response recorded 

from the user’s brain to the stimulus od handwritten strokes while signing has been unique for each user 

and therefore this brain signal-signature relation was utilized for user identification and verification. To 

evaluate the effectiveness of the proposed scheme, a dataset was developed collecting these two traits 

simultaneously using the Emotiv EPOC+ device and pen-paper for 70 individual subjects (40 males and 30 

females) with 10 samples per user. 

The proposed multimodal scheme used Hidden Markov Model (HMM) based sequential classifier to model 

features extracted from signatures and EEG signals individually. First, features were extracted from the 

signature images and used to build user specific signature HMM models. Next, similar user wise EEG 

HMM models were built using Discrete Wavelet Transform of the features of gamma frequency band. Both 

of these features were next modeled using sequential HMM classifier. 

Finally, user identification and verification were performed using three different scenarios: only signatures, 

only EEG signals and signature-EEG fusion. Thereafter, user’s identification was performed using the 

proposed multimodal approach. The fusion with classification score showed the effectiveness of the 

proposed approach achieving user identification accuracy of up to 98.24% using late fusion. 
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6. Results and Discussion 

The main objective of this thesis work was to survey and compare the different literature on Brain Machine 

Interfaces used in Neural Prosthetics. To this end, a long and ardent systematic review has been conducted 

according to the PRISMA guidelines [74]  as shown in Figure 22 below. The PRISMA (Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses) statement consists of a four-phase flow diagram, 

including: identification, screening, eligibility and included.  

In the first phase, the number of records (i.e. manuscripts) identified through database searching is 

identified, including additional manuscripts identified through other sources. The second phase entails 

screening of the manuscripts, after the duplicates have been removed, to discard the unimportant 

manuscripts. The remaining articles were then assessed in full for eligibility with reason in the third phase. 

Finally, the articles that passed this screening process were included in the systematic review.   

 

Figure 22: Screening and Selection Process based on PRISMA guidelines 
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In the first phase, the free online databases Science Direct and Booksc were used for the literature research, 

since they were the only ones available and accessible. Based on the analysis of chapter two, EEG was 

selected as the preferred signal acquisition method. To narrow down the search furthermore, the 

commercially available EEG device Emotiv EPOC was chosen as the signal acquisition device because it 

was widely used in the literature for research purposes.  

In both databases, the search was conducted using the search term ‘Emotiv’ to find manuscripts that used 

the Emotiv EPOC device for BMI neural prosthetics, without any date constraints but limited to English 

language articles. This resulted in a total of 222 manuscripts. Initially, other search terms were considered, 

such as Brain Machine Interface, Brain Computer Interface or Neural prosthetics, but the results were very 

broad and unmanageable. Eventually, the search term ‘Emotiv’ generated results of various researches that 

implemented the portable, widely used and commercially available EEG device for Brain Machine 

Interfaces used in Neural Prosthetics. 

In the second phase, eight duplicates from the two databases were removed. Next, a preliminary screening 

was performed on the titles of the remaining 214 and the ones that were not related to the current study, 

about 40 in number, were excluded. Some of these were indexes, while others were surveys or reviews 

themselves, while still others were researches related to ‘emotivism’, a loosely related word to the search 

term yet not related to BMI. 

Then, the remaining 174 manuscripts were further screened based on their abstracts. Consequently, the 

researches that did not fulfill the comparison criteria were discarded. These were about 136 research papers 

that were not focused on BMI used for neural prosthetics; some were used to monitor mental illnesses or 

rehabilitation of spinal cord injury, while others were more reliant on the medical side of BMI and not the 

engineering.  

In the third phase, the full-text of the remaining 38 articles was assessed for eligibility. Eleven full-text 

articles were excluded for various reasons. Out of these, two of them didn’t mention the accuracy of their 

system, a crucial criterion. Two of them were a redundant work of the same authors published on different 

conferences with slight amendments to their work. Three of them didn’t use the Emotiv EPOC EEG 

measuring device and four of them couldn’t fulfill two of the criteria set by the current survey. This leaves 

27 eligible articles to be included in the final systematic review which completes the fourth phase of the 

guidelines. Therefore the 222 articles initially generated from the two databases was iteratively lowered to 

27 using the guidelines for Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) [74]. 
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The filtration of 222 remarkable papers and articles according to the aforementioned criteria was a delicate 

process which took an extensive number of working hours. In addition to the ‘Emotiv’ search term, the 

manuscripts must have used an Emotiv EEG device to measure brain waves according to a control signal, 

extract the necessary features, classify these features using a classification algorithm and calculate the 

system’s accuracy for some disclosed purpose, while using a commercially (or freely) available software 

for signal processing to be included in the systematic review. The resulting manuscripts that passed this 

rigorous screening process were then compared amongst each other. 

The results of the survey were tabulated according to the control signal of the BMI (Chapter three), the 

method used to extract the necessary features from the acquired signals (Chapter four), the algorithm 

implemented to classify the extracted features (Chapter five), the software used to process the signals in the 

feature extraction and classification steps, the accuracy and the application (or purpose) of the research as 

it can be shown in Table 3 in the next pages. Some of these parameters were not mentioned in the articles 

reviewed, but accuracy was a crucial parameter and therefore it necessarily had to be present in all the 

selected articles. 
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Reference, 

location & year 

Control 

Signal 

Feature Extraction 

Mechanism 

Classification 

Algorithm 

Software 

Used 

Accuracy Application (Purpose of the 

Research) 

[75], Malaysia 

(2019) 

MI 

(SMR) 

Power Spectral Density 

(PSD) 

Multi-Agent Systems 

(MAS) 

EEGLAB 

& 

MATLAB 

65.17% 

Average 

To confirm the applicability and 

suitability of MAS in the context of 

EEG data classification 

[76], Spain 

(2016) 

MI 

(SMR) 

Surface Laplacian (SL) 

& PSD 

Neural Network 

based Fuzzy Logic 

System 

Emotiv & 

MATLAB 

62% To compare low cost BCI headset 

with BCI competition III dataset V. 

[77], Mexico 

(2016) 

Not 

stated 

Fast Fourier Transform 

(FFT) 

Patternnet Neural 

Network 

Emotiv 

testbench 

60.87 - 82.61 % To evaluate the feasibility of using 

a neural network trained to 

recognize known a priori emotional 

states from EEG signals evoked by 

visual stimuli using IAPS pictures 

to asses pleasant & unpleasant 

emotions of older adults. 

[78], China 

(2015) 

Auditory 

Evoked 

Potential 

Relief – F (Feature 

Selection) 

Linear Discriminant 

Analysis (LDA) 

MATLAB 

& 

EEGLAB 

89.66% Max To test the signal quality of Emotiv 

EPOC headset by the accuracy rate 

of discriminating Major Depressive 

Disorder (MDD) patients from 

normal subjects. 

[79], Thailand 

(2019) 

Not 

Stated 

Discrete Wavelet 

Transform (DWT) 

Multilayer Perceptron 

– Neural Network 

(MLP-NN) 

MATLAB 71.4 ± 2.15% To write characters without the help 

of limb movement or any stimulus, 

using the pattern of Morse code. 
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[80], Vietnam 

(2016) 

P300 Autoregressive (AR) 

Model, PSD, Hjorth 

Descriptors 

Support Vector 

Machine (SVM) 

Not Stated 76.67% 

Average 

To design a P300 Speller for 

brainwave-controlled applications 

with the Emotive EPOC using 

Support Vector Machine 

[81], Indonesia 

(2017) 

MI 

(SMR) 

ICA & FFT Probabilistic Neural 

Network (PNN) and 

Radial Basis Function 

(RBF) 

MATLAB 83% training, 

57% testing 

To propose a BCI element 

combination suitable for right-hand 

grasping movement classification 

based on Emotiv EPOC. 

[82], South 

Korea (2016) 

P300 Not Stated ANN, LDA AND 

SVM 

EEGLAB ANN + LDA 

51.5%, ANN 

61.5%, SVM + 

LDA 53% 

To recognize a person’s thoughts 

using a person’s simple perception 

of basic color. 

[83], Greece 

(2020) 

Auditory 

Evoked 

Potential 

Event-Related Spectral 

Perturbations (ERSP) 

SVM using RBF 

kernel 

EEGLAB 70% A novel experimental procedure 

and protocol for the classification 

of musical notes from EEG signals. 

[84], Malaysia 

(2016) 

SMR Spectrally weighted CSP 

(spec-CSP) 

LDA EEGLAB, 

BCILAB 

& Emotiv 

73.2% Novel Electromyogram (EMG) 

assisted approach for classification 

of EEG data. 

[85], Australia 

(2020) 

Not 

Stated 

PSD, CSP & Normalized 

Transfer Entropy (NTE) 

14-layer deep 

Convolutional Neural 

Network (CNN) 

MATLAB 

& 

EEGLAB 

88% A novel attempt to classify the 

user’s competency into 5 different 

levels for design applications using 

a 14-layer deep CNN model. 
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[86], Turkey 

(2019) 

Not 

Stated 

Short-Time Fourier 

Transform (STFT) 

Ensemble SVM, 

ANFIS & k-NN  

MATLAB SVM 91.72%, 

ANFIS 81.55% 

& kNN 77.6% 

A passive EEG BCI for monitoring 

a set of mental states of human 

individuals (3 mental attention 

states: passive, disengagement and 

drowsiness). 

[73], India 

(2018) 

Not 

Stated 

DWT Hidden Markov 

Model (HMM) 

Emotiv 

Testbench 

95.65% Novel multimodal (signature and 

EEG) user identification and 

verification. 

[69], Morocco 

(2018) 

SMR PCA & FFT SVM using RBF 

kernel 

Not Stated 85.45% Robotic Movement in 4 directions 

using thought for people with 

motor impairment. 

[87], China 

(2020) 

Not 

Stated 

CSP & Phase Lag Index 

(PLI) 

RDA & LDA Not Stated RDA 93.47% & 

LDA 85.18% 

To introduce a novel EEG-evoked 

paradigm under the dynamic 

coupling system manipulating task. 

[88], Indonesia 

(2015) 

MI 

(SMR) 

CSP SVM OpenVibe 91.67% Max Different movement imagination 

EEG wave identification using 

Emotiv EPOC device and 

OpenVibe software. 

[89], Australia 

(2012) 

Not 

Stated 

FFT SVM, k-NN, Naïve 

Bayes, Ada Boost 

Experime

nt Wizard 

SVM 89.25%, 

k-NN 83.35%, 

Naïve Bayes 

66% & 

AdaBoost 

92.8% 

Emotion Recognition using the 

Emotiv EPOC device. 
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[90], Poland 

(2014) 

SSVEP PSD Classification Tree LabView 73.75% 

Average 

To construct a relatively low-cost 

mobile, easy to use system to 

control a mechanical device based 

on the Emotiv EPOC. 

[91], China 

(2012) 

SSVEP Canonical Correlation 

Analysis (CCA) 

Not Stated BCI2000 

& 

MATLAB 

Online 95.83 ± 

3.59%, offline 

82.99 ± 4.98% 

To implement SSVEP based BCI 

on a low cost, portable and market-

aimed platform Emotiv EPOC. 

[92], Mexico 

(2018) 

P300 CSP Naïve Bayes EEGLAB 84.63% To demonstrate experimentally that 

it is possible to measure relatedness 

of semantic concepts using an 

Emotiv EPOC device. 

[93], Colombia 

(2014) 

MI 

(SMR) 

PSD, Hjorth Parameters, 

CWT & DWT using MI 

Discrimination by 

Relevance Analysis 

(MIDRA) 

k-Nearest Neighbor 

(k-NN) 

Not Stated 90 ± 6% A MI discrimination methodology, 

MI Discrimination by Relevance 

Analysis (MIDRA), was presented 

to support the analysis of EEG data 

in BCI systems. 

[94], Egypt 

(2017) 

P300 PCA PCA ensemble, 

hybrid 

brain 

scanner 2 

Online 64.17 ± 

19.6%, offline 

77.5 ± 19,69% 

Using P300-based BCIs in 

interacting with mobile devices 

such as tablets and smart phones. 

[95], Brazil 

(2016) 

MI CSP Naïve Bayes Not Stated 79% Max To promote classification of 

movement imagery in an Emotiv 

cap-based system using the Naïve 

Bayes classifier. 
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[96], USA 

(2015) 

P300 Not Stated Step-wise LDA 

(SWLDA) 

BCI2000 Lab 88.75 ± 

10.57%, Metro 

73.75 ± 16.94% 

To prove feasibility of a mobile 

portable dialing system based on 

P300 using the Emotiv EPOC and 

Microsoft Surface Pro 3. 

[97], China 

(2018) 

P300 Not Stated SVM MATLAB 

& 

EEGLAB 

77.01% To examine the performance of 

Emotiv EPOC headset used in the 

P300-based BCI system. 

[98], Mexico 

(2018) 

P300 Stockwell Transform LDA & SVM Openvibe 

& 

MATLAB 

75-92% To demonstrate the usefulness of 

the Stockwell transform in the 

process of identifying P300 evoked 

potentials using a low-cost EEG 

device. 

[99], India 

(2015) 

Not 

Stated 

CSP LDA Openvibe 

& 

EEGLAB 

95% To present a mechanism to detect 

eye blinks from EEG signals to use 

a ‘text-to-speech’ application. 

 

Table 3: Survey of BMIs used in Neural Prosthetics 
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Brain Machine Interfaces have been around for decades. Yet throughout most of this time it seemed a work 

of science fiction and maybe even only available to very wealthy labs in large Universities and research 

institutes. Nowadays, they are becoming more and more available to the general public to experiment on 

as well as use for various purposes. The current study has shown tangibly that this is becoming a reality. 

 

Figure 23: Distribution of BMI Researches by Country 

Even though there were no time constraints in the article search, the vast majority of the papers reviewed 

were from the past decade. The ones included in the survey comparison as can be seen from Table 3, are 

from 2012 the earliest and even 2020 the latest. This shows how research in the field of BMI has exploded 

in the last couple of years. What is more interesting is the locations of the researchers. About half of them 

are from Asia, a couple from Europe, a couple from Africa and about half a dozen from North and South 

America and even one from Australia as can be seen in Figure 23. This shows the diverse distribution of 

the research groups, owing to the fact that Emotiv EPOC is a commercially available EEG device. 

A variety of control signal methods have also been used in the articles compared in this systematic review. 

While Motor Imagery (MI) of the Sensory Motor Rhythm (SMR) class was by far the most commonly used, 

there were also a number of articles that didn’t actually use a predefined controlling mechanism, using 

instead the brainwaves without actually controlling them or neglected to state it. P300 and SSEP were also 
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applied in some cases, but Slow Cortical Potentials weren’t used in any of the articles as can be seen in 

Figure 24 below. 

 

Figure 24: Distribution of Control Signals applied 

A diverse array of feature extraction methods was used in the surveyed literature. It is impossible to select 

the best mechanism because many factors could have contributed to the accuracy of the system. In any case, 

the most common use could be a testament to the greatness of the feature extraction mechanism. In this 

regard, CSP and FFT are the ones that take the lead, even though more than one feature extraction 

mechanism has been used in the majority of the cases as shown in Figure 25 below. In the figure, etc. 

denotes novel feature extraction mechanisms that have not been discussed in this thesis. 

 

Figure 25: Distribution of the methods used to extract features 
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Many classification algorithms were used as well. But the linear classifiers, i.e. Linear Discriminant 

Analysis (LDA) and Support Vector Machine (SVM) with their variants were by far the most widely used 

comprising almost half of the manuscripts surveyed. Many variants of the artificial Neural Network were 

also common amongst the classification algorithms. There were also some novel algorithms, some hybrid 

or combination algorithms as well as some articles that didn’t state the algorithms they used as shown in 

Figure 26 below, where Neural Network denotes the class of classifiers under the Artificial Neural Network 

category, and etc. denotes novel classification algorithms that have not been discussed in this thesis.  

 

Figure 26: Distribution of the Classification Algorithm  

Except for the occasional few, the accuracy of most of the systems was well beyond mere happenstance, 

ranging in the Nineties. This is a great feat for a commercially available EEG device in comparison to the 

research grade devices in use in major research centers. We can also observe that MATLAB was the 

software of choice for most of the studies. While some added toolboxes, such as EEGLAB and BCILAB, 

others preferred the proprietary software of the Emotiv device itself. 

The purpose of these studies range from applying novel classifiers or feature extraction mechanisms to 

comparing this commercially available EEG device to research grade online datasets, to discriminating 

Major Depressive Disorder using brain signals to writing characters and communicating with the outside 

world for Completely Locked-in patients, to classifying musical notes from EEG, to classifying users 

competency, to novel multimodal user identification, to emotion recognition and much more. This 

demonstrates that the possibilities of applying BMI used in neural prosthetics are infinite.  
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7. Conclusion and Future work 

7.1 Conclusion 

All the systems discussed were studied with the aim to contribute to the scientific community and show the 

recent trends in the field of BMI used in Neural Prosthetics. Many commercial EEG devices are making 

BMI research easily applicable to small scale researchers in universities as undergraduate as well as 

graduate studies. This current study has shown the necessary elements for conducting EEG-based BMI 

research, while showing the trends and preferable attributes of the various elements.  

The Aim of the current work was to understand how brain waves work, to survey and compare signal 

acquisition techniques, to survey and compare feature extraction mechanisms, to survey and compare 

classification algorithms and finally to suggest the best way to design a Brain Machine Interface used in 

Neural Prosthetics. To this end, this current work has shown (in chapter 2.3) the different brain rhythms 

and it has also shown (in chapter 3) how they work, i.e. how the different regions of the brain (i.e. the 

sensorimotor cortex) and different waveforms (frequencies) have different meanings. 

Surveys and comparisons of the different signal acquisition methods (in chapter 2) were also undertaken. 

Accordingly, EEG was found to be the better technique because of its non-invasiveness, affordability, 

spatial and temporal resolutions and its portability. It is especially useful for BMI research in healthy 

populations. Currently there are many commercially available EEG devices in the market that can make 

this feat possible. One of the most popular devices, used for the comparison section of this thesis, is the 

Emotiv EPOC EEG device. 

Surveys of the different feature extraction mechanisms being used for EEG-based BMI research were also 

performed. Based on the results of the theoretical survey (of Chapter 4) and the comparative survey (of 

Chapter 6) it was ascertained that Common Spatial Patterns (CSP) and Power Spectral Density (using Fast 

Fourier Transform) were the preferred and more commonly used techniques for feature extraction.  

Survey of the different Classification Algorithms, i.e. intended action of the user, for EEG-based BMI used 

for Neural Prosthetics was made. According to the theoretical survey (of Chapter 5) and the comparative 

survey (of Chapter 6), the linear classifiers, Linear Discriminant Analysis (LDA) and Support Vector 

Machine (SVM) were more commonly used and garnered better results. All of these classifiers have 

achieved an accuracy of more than mere chance (50%), and most have achieved even greater than 80%. 

But LDA and SVM have achieved an accuracy of more than 70% on a regular basis and about 95% 
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maximum. It is therefore the general consensus, according to the survey performed, that the Emotiv EEG 

device can be used for basic BMI research for various applications. 

Brain Machine Interface has been used for various applications over the past couple of years. The survey 

of 27 original manuscripts is a testament of the resilience of Brain Machine Interfaces. From being used to 

recognize pleasant and unpleasant emotions of older adults to designing a speller for brainwave-controlled 

applications to recognizing a person’s thoughts using a person’s simple perception of basic color to being 

used as a novel multimodal (signature and EEG) user identification and verification system to robotic 

movement in 4 directions using thought for people with motor impairment to recognizing a user’s emotions 

to promoting the classification of movement imagery to presenting a mechanism to detect eye blinks from 

EEG signals to use text-to-speech, the Emotiv EPOC EEG device has been used for an array of applications 

of Brain Machine Interfaces. 

Brain Machine Interfaces have their occasional downfalls in addition to the applications and uses reported 

in the preceding chapters. In today’s world BMI have enabled the physically disabled, like the quadriplegic 

or amputee, to become independent by restoring their motor functions. But at the same time, BMIs pose a 

great ethical question. Technological advancements have enhanced the medical fields in leaps and bounds 

in the past couple of years. Now, at the intersection of Brain and Machines, this enhancement is even more 

emphasized, as the diverse application areas testify. 

7.2 Limitations 

This current study was performed under a lot of constraints, which limited its scope from what was initially 

proposed. The first constraint was the unavailability of the hardware, i.e. the signal acquisition module 

(EEG device) which prevented the simulation as well. This was mainly because of financial constraints. 

One of the reasonably priced EEG devices, the Emotiv EPOC headset, was priced at 750$ excluding the 

shipping cost, which was far above the budget allotted to this thesis. Designing the signal acquisition device 

was attempted recently by an undergraduate student co-advised by the current author. The cost was 

considerably lowered, but there weren’t enough resources to build it to completion. The current Covid-19 

pandemic, and the rising foreign exchange rate has also been another impediment in this respect. Therefore, 

the current research was limited to the systematic review and comparative analysis of the design of BMI. 

The second constraint was the availability of databases to be used for the systematic review and comparative 

analysis. There were only two freely available databases used in this work. Even though many remarkable 

articles were downloaded from these databases generating in a final 27 articles, the survey cannot fully 
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represent research work in the field of BMI used in neural prosthetics. Many more articles were found on 

google scholar, but couldn’t be included in this thesis for the lack of subscription to the appropriate journals. 

7.3 Future work 

The work done under the circumstances mentioned in the limitations section is very promising, but much 

more work needs to be done to reach an absolute conclusion on BMI used in Neural Prosthetics. The first 

step is subscription to world renown journals. This could ensure that most if not all of the research being 

done using the Emotiv device on BMIs used in Neural Prosthetics is surveyed. This might take extensive 

number of working hours, but will contribute immensely to the scientific community. The next step should 

be to find funding to buy the Emotiv device itself and apply the results of the comparative survey. This 

comparative study can then eventually be extended to other commercially available EEG devices.  

The future of the Emotiv EPOC EEG device used for Brain Machine Interface seems very bright. From the 

results of the survey, Emotiv EPOC has been used for some novel applications in the last couple of years, 

such as, passively monitoring a set of mental states of workers, classifying the user’s competency into 5 

different levels, classifying musical notes from EEG signals and writing characters without the help of limb 

movement or any stimulus. This is predicted to even include a brain to brain interface in the future. Even 

though BMI was intended for restoring and enhancing physical abilities through thought, if used for ill will, 

it has the ability to enslave humankind. Therefore, with great potential there will also come great 

responsibility, and the future of BMIs can lead to the realization of science fiction books and movies of the 

past decades. It is our responsibility to use BMI ethically and to control the Machines instead of letting the 

machines control us. 
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