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Abstract
A brain-computer interface (BCI) is a system that enables 
control of devices or communication with other persons, 
only through cerebral activity, without using muscles. The 
main application for BCIs is assistive technology for disabled 
persons. Examples for devices that can be controlled by BCIs 
are artificial limbs, spelling devices, or environment control 
systems. The system uses electroencephalogram (EEG) 
signals. An electroencephalogram (EEG) is a test used to detect 
abnormalities related to electrical activity of the brain. This 
procedure tracks and records brain wave patterns. Small metal 
discs with thin wires (electrodes) are placed on the scalp, and 
then send signals to a computer to record the results
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I. Introduction
A BCI is a communication system that translates brain activity 
into commands for a computer or other devices. In other words, 
a BCI allows users to act on their environment by using only 
brain activity, without using peripheral nerves and muscles. 
The major goal of BCI research is to develop systems that allow 
disabled users to communicate with other persons, to control 
artificial limbs, or to control their environment. To achieve 
this goal, many aspects of BCI systems are currently being 
investigated. Research areas include evaluation of invasive and 
noninvasive technologies to measure brain activity, evaluation 
of control signals (i.e. patterns of brain activity that can be used 
for communication), development of algorithms for translation 
of brain signals into computer commands, and the development 
of new BCI applications. In the brain-computer interface (BCI) 
paradigm, the user think of a specific notion or mental state 
(e.g. mental calculation, imagination of movement, mental 
rotation of objects). EEG data collected from the user are then 
classified and the mental state identified by the machine. This 
information can be used to drive a specific application like 
virtual keyboard 1-2, cursor control 3, and robot control 4. In 
this paper we review the aspects of BCI research mentioned 
above and highlight recent developments and open problems. 
The review is ordered by the steps that are needed for brain – 
computer communication. We start with methods for measuring 
brain activity (Section III) and the translation of signals into 
commands with the help of signal processing and classification 
methods is described in Section IV. Finally, applications that 
can be controlled with a BCI are described in Section V.

II. Types of Brain Computer Interface

A. Invasive Brain Computer Interfaces
Invasive Brain Computer Interface Devices are those implanted 
directly into the brain and has the highest quality signals. These 
devices are used to provide functionality to paralyzed people. 

Invasive BCIs can also be used to restore vision by connecting 
the brain with external cameras and to restore the use of limbs 
by using brain controlled robotic arms and legs. The problem 
with this type of device though, is that scar tissue forms over 
the device as a reaction to the foreign matter. This reduces its 
efficiency and increases the risk to the patient. 

B. Partially Invasive Brain Computer Interfaces:
Partially Invasive BCIs, on the other hand, are implanted inside 
the skull but outside the brain. Although signal strength using 
this type of BCI device is a bit weaker, partially invasive BCIs 
has less risk of scar tissue formation.

C. Non Invasive Brain Computer Interfaces
Non invasive brain computer interface, although it has the least 
signal clarity when it comes to communicating with the brain 
(skull distorts signal), is also the safest. This type of device 
has been found to be successful in giving a patient the ability 
to move muscle implants and restore partial moment. One of 
the most popular devices under this category is the EEG or 
electroencephalography capable of providing a fine temporal 
resolution. It is easy to use, relatively cheap and portable.

III. Signal Acquisition
To enable communication with the help of a BCI, first brain 
signals have to be measured. Different methods to achieve 
this goal, ranging from the invasive measurement of electric 
potentials at single neurons to the noninvasive measurement 
of large-scale hemodynamic brain activity, have been reported 
in the literature. We review some of these methods below, 
starting from the EEG which allows for measurements of 
electric potentials at large spatial scales. We continue with 
the electrocorticogram (ECoG) and microelectrode arrays, 
which allow for measurement of potentials at smaller 
spatial scales. Next, methods for measuring magnetic brain 
activity and hemodynamic brain activity are described. The 
different methods are compared in terms of temporal and 
spatial resolution, invasiveness vs. noninvasiveness, and in 
terms of complexity of the apparatus needed for performing 
measurements.

A. Electroencephalogram
The EEG is one of the most widely used noninvasive techniques 
for recording electrical brain activity. Since its discovery by Hans 
Berger (Berger, 1929) the EEG has been employed to answer 
many different questions about the functioning of the human 
brain and has served as a diagnostic tool in clinical practice. 
The EEG is a popular signal acquisition technique because 
the required devices are simple and cheap and because the 
preparation of measurements takes only a small amount of 
time. EEG signals are recorded with small silver/silver chloride 
electrodes with a radius of about 5mm, placed on the scalp at 
standardized positions (see fig. 1). Conductive gel or saltwater is 
used to improve the conductivity between scalp and electrodes. 
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To affix the electrodes to the scalp, often an electrode cap is 
used. EEG signals are always recorded with respect to reference 
electrodes, i.e. EEG signals are small potential differences 
(0 - 100 μV) between electrodes placed at different positions 
on the scalp. Electrode placement according to the 10 - 20 
international system, odd numbers indicate electrodes located 
on the left side of the head. Even numbers indicate electrodes 
located on the right side of the head. Capital letters are used 
to reference each cortical zone, namely frontal (F), central (C), 
parietal (P), temporal (T), and occipital (O). Fp and A stand 
for frontal pole and auricular. The designation 10-20 comes 
from the percentage ratio of the inter-electrode distances with 
respect to the nasion-inion distance.

 
Fig. 1:  standardized positions for electrode placement according 
to 10 - 20 international system

To understand how EEG signals are related to information 
processing in the brain, it is necessary to first review the structure 
and functioning of neurons. Neurons consist of a cell body 
(soma), an axon, and a dendritic tree fig. 2. The axon serves as 
“output channel” of neurons and connects via synapses to the 
dendrites (the “input channel”) of other neurons. The means 
of communication between neurons are action potentials, i.e. 
electrical discharges produced mainly at the soma of cells. 
Action potentials travel along the axon of cells and lead to a 
release of neurotransmitters when arriving at a synapse. The 
neurotransmitters in turn trigger a flow of ions across the cell 
membrane of the neuron receiving the action potential. The 
flow of ions across the cell membrane leads to a change in 
membrane potential, i.e. to a change in the potential difference 
between intracellular and extracellular space. If the membrane 
potential reaches a critical value of around -50 μV a new action 
potential is triggered, and information is transmitted via the 
axon to other neurons. The signals measured with the EEG are 
thought to be mainly an effect of information processing at 
pyramidal neurons located in the cerebral cortex 5. Pyramidal 
neurons have a pyramid-like soma and large apical dendrites, 
oriented perpendicular to the surface of the cortex (see fig. 2). 
Activation of an excitatory synapse at a pyramidal cell leads to 
an excitatory postsynaptic potential, i.e. a net inflow of positively 
charged ions. Consequently, increased extracellular negativity 
can be observed in the region of the synapse. The extracellular 
negativity leads to extracellular positivity at sites distant from 
the synapse and causes extracellular currents flowing towards 
the region of the synapse. The temporal and spatial summation 
of such extracellular currents, at hundreds of thousands of 
neurons with parallel oriented dendrites, leads to the changes 
in potential that are visible in the EEG. The polarity of the EEG 
signals depends on the type of synapses being activated and 
on the position of the synapses. As shown in fig. 2, activation 
of excitatory synapses in superficial cortical layers corresponds 

to negative surface-potentials. Activation of excitatory synapses 
connecting close to the soma of a cell corresponds to positive 
surface-potentials. For inhibitory synapses the inverse is 
true: activation of synapses in superficial cortical layers 
corresponds to positive surface-potentials, and activation of 
synapses connecting close to the soma of a cell corresponds 
to negative surface-potentials. Without knowledge about the 
spatial distribution of synapses the type of synaptic action can 
thus not be inferred from the polarity of surface potentials 5.

Fig. 2: Generators of the EEG

The potential changes associated to extracellular currents at 
pyramidal neurons are mostly visible at electrodes placed over 
the active brain area. However, due to volume conduction in 
the cerebrospinal fluid, skull, and scalp, signals from a local 
ensemble of neurons also spread to distant electrodes. The 
potentials caused by the activity of a typical cortical macrocolumn 
(of diameter 3-4mm) can spread to scalp electrodes that are 
up to 10 cm away from the macrocolumn6. A further effect 
of the tissue barrier between electrodes and neurons is that 
low-amplitude activity at frequencies of more than 40 Hz 
is practically invisible in the EEG. The EEG thus is a global 
measurement of brain activity. Consequently, it is difficult to use 
the EEG for drawing conclusions about the activity of small brain 
regions, let alone the activity of single neurons. In addition to the 
effects of volume conduction, the analysis of the EEG is further 
complicated by the presence of artifacts. Artifacts can be due 
to physiological or nonphysiological sources. Physiological 
sources for artifacts include eye movements and eye blinks, 
muscle activity, heart activity, and slow potential drifts due to 
transpiration. Nonphysiological sources for artifacts include 
power supply line noise (at 50 Hz or 60 Hz), noise generated by 
the EEG amplifier, and noise generated by sudden changes in the 
properties of the electrode-scalp interface. Artifacts often have 
much larger amplitude than the signals of interest. Therefore, 
artifact removal and filtering procedures have to be applied 
before an analysis of EEG signals can be attempted. Despite 
the above mentioned shortcomings the EEG remains one of 
the most interesting methods for measuring electrical brain 
signals. It has been used in a variety of BCI systems and is also 
the measurement technique employed in this thesis. Besides 
BCI there are many other clinical and research applications 
of the EEG. These include research on different sleep stages, 
epilepsy monitoring, coma outcome prognosis, and many other, 
more theoretical, research questions.
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B. Electrocorticogram
The ECoG is an invasive technique for recording electrical 
potentials in the brain. In a surgical procedure an array of 
electrodes, typically an 8×8 grid, is placed on the cortex surface. 
After the implantation, signals which are generated by the same 
mechanisms as the EEG can be measured. However, effects of 
volume conduction are less visible in the ECoG, i.e. the signals 
are less spatially blurred than EEG signals. Further advantages 
are that ECoG signals are barely contaminated with muscle or 
eye artifacts and that activity in frequencies up to about 100 Hz 
can be easily observed. Due to the above mentioned positive 
properties, ECoG signals have generated a considerable deal of 
interest in the BCI community. Different experiments have been 
performed, mainly with epilepsy patients having ECoG arrays 
implanted over a period of one or two weeks for localization 
of epileptic foci or for presurgical monitoring purposes. The 
experiments have shown that patients can quickly learn to 
accurately control their ECoG signals through motor imagery 7, 
nmotor and speech imagery 8, mental calculation 9, or auditory 
imagery 10. This makes ECoG an interesting alternative to the 
EEG, however tests with severely handicapped subjects and 
research on the long term tissue compatibility of ECoG should 
be performed to validate the results.

C. Microelectrode Arrays
Microelectrode arrays are a technique for recording activity from 
single neurons or from small groups of neurons. As for ECoG, 
brain-surgery is necessary before signals can be recorded. The 
difference to ECoG is that electrodes are inserted in the cortex, 
i.e. the cortical tissue is penetrated by needle-like electrodes. 
A typical microelectrode array has a size of about 5×5 mm 
and contains around 100 electrodes, which can penetrate the 
cortex to a depth of several millimeters 11. Due to the invasive 
procedure that is needed to record signals, microelectrode 
arrays have been mainly tested in animal models (for example 
rhesus monkeys). An exception is the BCI system 12 which 
is based on signals from microelectrode arrays implanted in 
human tetraplegic subjects. Compared with other technologies 
for measuring brain activity, the advantages of microelectrode 
arrays are that signals are acquired at high spatial resolution and 
that the activity of single neurons can be detected. Recording 
the activity of neurons in the motor areas of the brain allows 
for complex applications such as real time 3D control of a robot 
arm 13 which are difficult to realize with other measurement 
technologies. The disadvantage of microelectrode arrays is 
that brain-surgery is needed before signals can be recorded. 
During surgery an infection risk exists and moreover the 
reaction of brain tissue to the implanted electrode array is 
not well understood 14. Due to the death of neurons in the 
vicinity of the microelectrodes signal quality decays over time 
and data can only be recorded for a period of several months. 
Despite the problems arising from the invasive nature of the 
measurements, microelectrode arrays are–together with the 
EEG – one of the most often used tools in BCI research. 

D. Magnetoencephalogram
Themagnetoencephalogram (MEG) is a noninvasive 
measurement of small changes (10−15Tesla) in magnetic field 
strength, which are caused by intracellular currents at pyramidal 
neurons. A small number of experimental studies have used 
the MEG in BCI systems 15, 16. These studies showed that 
MEG signals can be used for brain computer interfacing and 

that a communication speed comparable to that of EEG based 
systems can be obtained. However, the equipment needed for 
MEG measurements is technically complex, expensive, and 
cannot be easily transported from one place to another. These 
rules out the use of current MEG devices in practical BCIs.

E. Functional Magnetic Resonance Imaging
Functional magnetic resonance imaging (fMRI) allows to 
noninvasively measure the socalled blood oxygen level 
dependent (BOLD) signal. The BOLD signal does not directly 
represent neuronal activation but rather depends on the 
level of oxygenated and deoxygenated hemoglobin and 
on the hemodynamic response to neuronal activation. The 
peak of the BOLD signal is typically very broad and observed 
four to five seconds after the neuronal activation, i.e. the 
temporal resolution of fMRI is relatively low when compared 
to methods that directly measure electrical brain activity. The 
spatial resolution is very good, structures of the size of a few 
millimeters can be localized with the fMRI. In addition, signals 
can be acquired from the whole brain and not only from the 
cortex, as for example with the EEG. In BCI research fMRI has 
been used in basic proof of concept systems 17, 18 and to 
elucidate the brain mechanisms underlying successful self 
regulation of brain activity 19. To date, the use in practical BCI 
systems is impossible because fMRI devices are technically 
demanding, expensive and cannot be easily moved from one 
place to another.

F. Near-Infrared Spectroscopy
Near infrared spectroscopy (NIRS) is a noninvasive method to 
measure the hemodynamic activity of the cortex (similar to the 
BOLD signal). To measure NIRS signals, optodes emitting light 
in the near-infrared range are placed on the scalp of subjects. 
The emitted light is reflected by the cortical surface and 
measured by detector optodes. The light intensity measured 
at the detector optodes varies as a function of the amount 
of oxygenated and deoxygenated hemoglobin in the blood 
and thus allows to measure brain activity. NIRS provides a 
relatively low spatial resolution, and because hemodynamic 
brain activity is measured the temporal resolution is also low. 
Several publications describe the use of NIRS signals to classify 
different types of motor imagery in BCI systems 20, 21. These 
studies are proof of concept studies and further development 
is needed to make NIRS a real alternative for everyday use in 
a BCI.

IV. Extracting Features from Neurophysiologic Signals
The first step underlying most methods for classification of 
neurophysiologic signals is to acquire labeled training data. 
Acquiring labeled training data means that the subject has 
to perform prescribed actions, while neurophysiologic signals 
are recorded. Then, a computer is used to learn the desired 
mapping from signals to classes.
After the data acquisition phase, machine learning algorithms 
are applied to infer functions that can be used to classify 
neurophysiologic signals. For reasons of practicality and 
simplicity, machine learning algorithms are usually divided into 
two modules: feature extraction and classification. The feature 
extraction module serves to transform raw neurophysiologic 
signals into a representation that makes classification easy. In 
other words, the goal of feature extraction is to remove noise 
and other unnecessary information from the input signals, 
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while at the same time retaining information that is important 
to discriminate different classes of signals. Another, related, 
goal of feature extraction is to reduce the dimensionality of the 
data that has to be classified. After feature extraction, machine 
learning algorithms are used to solve two tasks. During training, 
the task is to infer a mapping between signals and classes. 
For this, the labeled feature vectors produced by the feature 
extraction module are used. During application of a BCI, the task 
is to discriminate different types of neurophysiologic signals and 
hence to allow for control of a BCI. In this section we only review 
methods for feature extraction in BCIs.  To achieve the goals 
of feature extraction, neurophysiological a priori knowledge 
about the characteristics of the signals in the temporal, the 
frequency, and the spatial domain is used. Depending on the 
type of signals to be classified this knowledge can take many 
different forms. Consequently many different feature extraction 
methods have been described. Some basic and often used 
methods are described below. A more exhaustive review of 
feature extraction methods for BCIs can be found in 22.

A. Time Domain Features
Time domain features are related to changes in the amplitude 
of neurophysiologic signals, occurring time-locked to the 
presentation of stimuli or time-locked to actions of the user 
of a BCI system. Good examples for signals that can be 
characterized with the help of time domain features are the 
P300, SCPs, and MRPs. A strategy that is often used to separate 
these signals from background activity and noise is low pass 
or band pass filtering, optionally followed by down sampling. 
This strategy is reasonable because most of the energy of the 
P300, SCPs, and MRPs is concentrated at low frequencies. 
Low pass filtering, together with down sampling thus allows to 
remove unimportant information from high frequency bands. 
In addition, the dimensionality of the signals is reduced.  An 
alternative to filtering is to use the wavelet transform of the 
signals. Systems based on the discrete wavelet transform 
(DWT), as well as systems based on the continuous wavelet 
transform (CWT) have been described in the literature. A 
crucial step in systems using wavelets is to select a subset 
of wavelet coefficients that is relevant for classification. This 
is equivalent to selecting regions in the time-frequency plane 
at which signals can be classified with high accuracy and can 
be achieved with the help of feature selection algorithms. An 
example for the use of the DWT is the P300-based BCI system 
23. In this system Daubechies wavelets were used for feature 
extraction, and relevant wavelet coefficients were selected with 
stepwise discriminant analysis (SWDA). An example for the 
use of the CWT is the algorithm described by Bostanov 24. In 
this algorithm the Mexican hat wavelet was used for feature 
extraction from P300 and SCP signals, and a t-test was used 
to select relevant wavelet coefficients.  Besides the use for the 
EEG signals P300, SCP, and MRP, time domain features are also 
used in BCI systems based on microelectrode arrays. A feature 
that is often used in such systems is the number of spikes 
occurring in a certain time interval. Many different techniques 
for counting spikes and for sorting spikes recorded with the 
same electrode from several neurons exist. These techniques 
will however not be further discussed here.

B. Frequency Domain Features
Frequency domain features are related to changes in oscillatory 
activity. Such changes can be evoked by presentation of stimuli 

or by concentration of the user on a specific mental task. Since 
the phase of oscillatory activity is usually not time-locked to the 
presentation of stimuli or to actions of the user, time domain 
feature extraction techniques cannot be used. Instead, feature 
extraction techniques that are invariant to the exact temporal 
evolution of signals have to be used.  The most commonly 
used frequency domain features are related to changes in 
the amplitude of oscillatory activity. For example in systems 
based on motor imagery, the band power in the mu and beta 
frequency bands at electrodes located over the sensor motor 
cortex is used as a feature. In the case of SSVEPs, band power 
in the harmonics of the visual stimulation frequency at occipital 
electrodes can be used as a feature. To estimate band power, 
different methods have been used. These include Welch’s 
method 25, adaptive autoregressive models 26, and Morlet 
wavelets 27.  A second type of frequency domain features is 
related to the synchronization between signals from different 
brain regions. Synchronization of signals from different brain 
regions might indicate that these regions communicate. This 
permits to discriminate cognitive tasks involving communication 
between different brain regions. The use of synchronization 
features in combination with band power features was explored 
in a three-class BCI based on the cognitive tasks “left hand 
movement”, “right hand movement”, and “composition of 
words”28. The use of synchronization features in combination 
with band power features in a four-class BCI based on the 
cognitive tasks “left hand movement”, “right hand movement”, 
“foot movement”, and “tongue movement”29. In both studies, 
classification with acceptable accuracy was possible with 
synchronization features alone. Combining synchronization 
and band power features led to classification accuracy that 
was superior to that obtained with only synchronization or band 
power.

V. Applications
In theory any device that can be connected to a computer 
or to a microcontroller could be controlled with a BCI. In 
practice however, the set of devices and applications that can 
be controlled with a BCI is limited. To understand this, one 
has to consider that the amount of information which can be 
transmitted with present day BCI systems is limited. The typical 
information transfer rate achievable with an EEG based BCI 
is about 20 to 40 bits/min. As an additional obstacle most 
present day BCI systems function only in synchronous mode. 
In synchronous mode, communication is possible only during 
predefined time intervals. This means the system tells the user 
when it is ready to receive the next command and limits severely 
the possible type of applications.
In asynchronous mode users can send commands whenever 
they want.30 Some of the applications possible with current 
BCIs are described below.

A. Spelling Devices
Spelling devices allow severely disabled users to communicate 
with their environment by sequentially selecting symbols from 
the alphabet. One of the first spelling devices mentioned in the 
BCI literature is the P300 speller 31. A system based on SCPs 
was described by Birbaumer 32. In their system the alphabet 
is split into two halves and subjects can select one halve by 
producing positive or negative SCPs. The selected halve is 
then again split into two halves and this process is repeated 
recursively until only one symbol remains. An advanced version 
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of this system in which the relative frequency of letters in natural 
language is taken into account is presented Perelmouter and 
Birbaumer33.

B. Environment Control
Environment control systems allow to control electrical 
appliances with a BCI. Gao et al.34describe a proof-of-concept 
environment control system based on SSVEPs. Bayliss35 
describes the control of a virtual apartment based on the P300. 
To our knowledge none of the two aforementioned systems is 
asynchronous. Development of asynchronous BCI systems is 
probably the most important research topic to advance the 
area of environment control systems.  

C. Neuromotor Prostheses
The idea underlying research on neuromotor prostheses is 
to use a BCI for controlling movement of limbs and to restore 
motor function in tetraplegics or amputees. Different types of 
neuromotor prostheses can be envisioned depending on the 
information transfer rate a BCI provides. If neuronal ensemble 
activity is used as control signal, high information transfer 
rates are achieved and 3D robotic arms can be controlled36. 
If an EEG based BCI is used, only simple control tasks can be 
accomplished.

D. Wheelchair Control
Disabled subjects are almost always bound to wheelchairs. 
If control over some muscles remains, these can be used to 
steer a wheelchair. For example systems exist that allow to 
steer a wheelchair with only a joystick or with head movements. 
If no control over muscles remains, a BCI can potentially be 
used to steer a wheelchair. Because steering a wheelchair 
is a complex task and because wheelchair control has to be 
extremely reliable, the possible movements of the wheelchair 
are strongly constrained in current prototype systems. In 
the system presented by Rebsamen37 the wheelchair is 
constrained to move along paths predefined in software joining 
registered locations, and a P300-based interface is used to 
select the desired location. In the system presented by Millan38 
a miniature robot can be guided through a labyrinth, based on 
oscillatory brain activity recorded with the EEG. Control of the 
robot is simplified by implementing a wall following behavior 
on the robot and allowing for turns only if there is an open 
doorway.

VI. Summary
We have presented our progress through several stages, in this 
development of fully-implantable cortical neural prostheses, 
presently implanted in monkeys. Researchers in this field still 
face several common challenges, including biocompatibility 
and reliability for eventual human patient applications. Our 
technical explorations towards extracting neurologically 
significant data from the human brain is one contribution at 
beginning stages of what is likely to be an exciting decade in 
neural prosthetic research.
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