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Abstract – This paper presents the design and implementation of a software tool, called BRAINLINK, that
assists its user in the development of an EEG-based
brain-computer interface (or BCI) system. Such a system analyzes the brain-waves of a human subject and
produces appropriate output commands in response to
the recognition of certain (ideally willfully generated)
patterns in the EEG signal. BRAINLINK – which itself is a basic BCI to “play around with” – offers the
opportunity to choose several parameters characterizing the patterns to be recognized and the nature of the
applied recognition technique. Once optimum parameters and suitable patterns have been found, the software
may serve as the starting point for developing a device
allowing its user to communicate with a computer with
the help of his or her thoughts. Such a device might be
of great help for people suffering from severe physical
disabilities.
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Introduction

The usual way of communicating with a computer
involves the use of the hands – for typing on a keyboard or pointing with a computer mouse. The alternative of controlling a computer with the help of
the mind (by issuing certain “thought commands”)
is a phenomenon that is often portrayed in science
fiction movies.
If this form of “mind-control” truly became
possible, it would not only revolutionize humancomputer interaction in general, it would particularly be a blessing for persons with physical disabilities, since even patients who are unable to
speak as well as to move their hands, arms, or feet
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could then operate a computer.
Unfortunately, the science fiction solution to
this challenge mostly involves some sort of operation where the brain is surgically connected to a
hardware interface. Our knowledge of the brain,
however, is so limited that this view is currently
absolutely unrealistic.
A brain-computer interface (BCI) – in its scientific interpretation – is a combination of several
hardware and software components trying to enable its user to communicate with a computer by
intentionally altering his or her brain-waves. The
task of the hardware part is to record the brainwaves – in the form of the EEG signal – of a human subject, and the software has to analyze that
data (see [1]).
In other words, the hardware consists of an
EEG machine and a number of electrodes scattered over the subject’s skull. The EEG machine,
which is connected to the electrodes via thin wires,
records the brain-electrical activity of the subject,
yielding a multi-dimensional (analog or digital)
output. The values in each dimension (also called
channel) represent the relative differences in the
voltage potential measured at two electrode sites.
The software system has to read, digitize (in
the case of an analog EEG machine), and preprocess the EEG data (separately for each channel),
“understand” the subject’s intentions, and generate appropriate output. To interpret the data, the
stream of EEG values is cut into successive segments, transformed into a standardized representation, and processed with the help of a classifier.
There are several different possibilities for the
realization of a classifier; one approach – involv-

ing the use of an artificial neural network (ANN)
– has become the method of choice in recent years.
Therefore, this paper exclusively focuses on neural
network classifiers.
In this context, each EEG segment is represented by a vector of equal length. It is fed into the
classifier, which has the task to map this input vector onto an output vector relating the corresponding segment to a limited set of recognized classes.
Before this mapping actually produces satisfactory
results, the network has to be trained with the help
of a so-called training set aimed at adjusting the
network parameters.
The BCI finally executes meaningful control
commands (e.g. moving a pointer on a computer
screen) in response to the output vector returned
by the trained classification network.
This paper introduces a tool called
BRAINLINK that works just like a simple EEGbased brain-computer interface – it analyzes and
classifies EEG signals with the help of a neural
network. However, the program merely displays
the result of the classification process on the screen
(to demonstrate the recognition performance) instead of actually controlling anything.
The network employed by the current implementation of the BRAINLINK system uses a set
of example input vectors (or patterns) as its training set. Simply spoken, the network “compares”
an unknown pattern to the example patterns it was
trained with and returns the output vector of the
nearest one.
The purpose of the tool is to assist its user in
the “trial-and-error” search for suitable parameters,
optimal electrode positions, and/or advantageous
mental activities needed for the realization of a full
BCI. It also offers help in the generation of adequate training sets, as well as in the configuration
and the training of the network itself.
Because of its modularity, the software can be
adapted easily to all sorts of hardware environments, thereby making it possible to start a new
BCI research project without the need to “reinvent
the wheel”.
The paper is organized as follows. Section 2 describes the architecture of the BRAINLINK software in detail, and its usage is demonstrated in
section 3. Section 4 presents the theoretical ideas
and the fundamental targets governing the devel-

opment and the use of BCI systems in general and
the BRAINLINK software in particular. Section 5
contains an outline of possible applications of the
tool, and finally, section 6 concludes the paper with
a brief summary and a discussion of areas for future work.
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System Architecture

BRAINLINK has been structured in a modular
way that allows to tailor it to the needs of possible future environments in which BCI research
might be performed. It supports the typical steps
required for investigating different possibilities in
conjunction with ultimately building a sophisticated BCI. The basic architecture of BRAINLINK
is presented in fig. 1.
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Figure 1: The BRAINLINK System
The EEG of a subject is recorded and digitized,
and simultaneously, the data is preprocessed and
classified by the control program of BRAINLINK,
which itself is operated by a second person –
preferably not the subject mentioned above (it is,
however, possible that the computer operator and
the subject are identical).
The heart of the BRAINLINK software is the
neural network classifier that tries to relate input
feature vectors symbolizing portions or segments
of the ongoing EEG of the subject to a number of

output classes. The particular ANN approach employed by the current version of BRAINLINK –
called the PEGNC network (Probability Estimating Guarded Neural Classifier) [2] – is briefly described in the following.
The network consists of three layers – an input, a classification, and an output layer – with adjustable weights in between. The weights are adjusted in an initial training phase in response to
the iterative presentation of example patterns contained in the training set.
The combination of input and classification
layer represents a certain kind of a Kohonen network [3] with a modified form of winner-take-all
neurons in the classification layer. Each classification neuron is associated with a position vector,
which represents an instance of a subspace of the
training set.
The difference to “usual” winner-take-all neurons is that the PEGNC network does not consider
only one winner (which would then be mapped to a
single output class), but an entire winner set based
on the proximity of the input vector to the position
vectors.
With the help of this winner set and the relative frequencies of each one of the classification
units becoming a winner within the training set, the
network estimates (and returns as network output)
how probable it is that the respective input vector
belongs to every single output class.
Since the network thus returns multiple output values relating the input vector to each output
class, it observes the fact that the EEG signal is
always a mixture of numerous individual signals:
because of the background noise in the EEG, it is
impossible to identify single action potentials – in
order to be of any effect on the EEG signal, there
have to be hundreds or even thousands of simultaneously “firing” nerve cells (e.g. [4]).
Moreover, the signal recorded at one site is a
superposition of multiple sources located in different areas of the brain. It is therefore questionable
(probably inappropriate) to merely select one single output class as the classification result.
The operation of the BRAINLINK tool may be
divided into four phases (in accordance with the
corresponding network operation): the specification phase, the pattern generation phase, the training phase, and the recall phase.

In the specification phase, the operator has to
select some fundamental parameters characterizing
the pattern recognition task. This includes decisions on the size of the input feature vectors and the
representation of the EEG data. As for representation, the user may choose between two preprocessing methods. On the one hand, the raw EEG data
may be transferred into the frequency domain with
the help of the common FFT (Fast Fourier Transform) method. On the other hand, a wavelet transform algorithm allows the analysis of time-domain
data.
The size of the input vectors follows from the
selection of the number of channels to analyze, the
digitizing rate, the length of the individual EEG
segments and – for frequency-based data – the relevant frequency range.
In addition, the number of possible
output

classes may be chosen in the range
. By
default, the classes are associated with abstract
names like “LEFT”, “RIGHT”, “UP”, “DOWN”,
or “NEUTRAL”. These names have been chosen
since it is probably easier (more intuitive) to identify the classes with “LEFT” or “RIGHT” than
with simply “1” or “2”. However, users are free
in assigning any semantic meaning.
The default names are motivated by the goal
to find appropriate EEG patterns that would allow to emulate the navigation of a two-dimensional
computer mouse (since any menu-driven humancomputer interaction could be realized by such an
emulation).
In the pattern generation phase, the set
of
training patterns has to be generated (after selecting several additional parameters related to the
neural network classifier, such as the size of the
classification layer etc.).
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Figure 2: Generation of a Training Pattern
The temporal scheme describing this pattern
generation process is depicted in fig. 2. After a

preparation segment of two seconds, the subject
is visually stimulated with a symbol on the computer display. The symbol represents one of the
output classes and is selected randomly. The subject’s task is to issue a unique mental activity after
the stimulus – thus associating that mental activity
with the given symbol.
The first second following the stimulus is discarded, so that the subject has enough time to react
(remember: the specific symbols are selected randomly). After that, a single EEG segment (whose
length was chosen beforehand) is recorded, preprocessed and transformed into a feature (or input) vector – the respective desired output vector
follows from the corresponding stimulus symbol.
Then, the computer operator can visually inspect
the feature vectors – as well as the corresponding
EEG traces – and decide whether or not the current
example pair is stored as a training pattern, before
proceeding to the next example.
This process is repeated until it is stopped by
the operator. The result is a file stored on the harddisk of the computer containing a set of example pairs of input and corresponding desired output
vectors.
In the training phase, the objective is to cycle
through this set and to simultaneously adjust the
weights, so that at the end the network “memorizes” the associations in reasonably well.
The operator of the computer may stop the
training process after any number of completed cycles, which means that there will not be any further weight update. Besides, after a certain convergence level has been reached (i.e. the magnitude
of the weight adjustment between two consecutive
training cycles has dropped below a certain threshold), training is stopped automatically.
In the recall phase, after an additional sweep
through the set accompanied by the calculation
of a number of network parameters (see [2]), online EEG analysis and the classification of incoming “untrained” data based on generalization from
the associations “learned” in the training phase is
performed.
The respective classification result is displayed
in real time, which enables the “team” of subject
and computer operator to evaluate the network’s
performance. The displayed result not only consists of the symbol representing the most probable

output class, but also includes probability values
for every single output class, as well as information on the reliability of the result.
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BRAINLINK Usage

This section presents a graphical demonstration
of some of the functionality implemented in
BRAINLINK. The demonstration is divided into
two parts: the basic structure of the tool and the
neural network classifier.

3.1 Basic Structure
The tool consists of a library of basic procedures
for displaying, recording, and converting (preprocessing) EEG signals on the one hand, and configuring the data acquisition component – i.e. the
analog-to-digital converter – on the other hand.
The program welcomes the user with the screen
shown in fig. 3 offering 10 menu points.

Figure 3: The Main Menu of BRAINLINK
The first menu point for example leads to a
graphics screen that displays the ongoing EEG of
a subject connected to the computer via an EEG
machine. During initial test runs, the tool worked
together with an (analog) 8-channel EEG machine,
thus allowing the display of EEG traces belonging
to up to eight channels (see fig. 4). If desired, the
displayed values are also written to the computer’s
hard-disk.
In addition, the user may select to see one of
eight wavelet transforms or the online frequency
spectrum instead of the plain EEG signal for every
selected channel.

a

Figure 4: Portion of an EEG Trace
One very comfortable feature of BRAINLINK
is its ability to display and “reprocess” prerecorded EEG data “as if it were live”, which considerably facilitates offline processing.

3.2 Neural Network Operation
Working with the BRAINLINK tool inherently involves configuring, training and applying a neural
network classifier – in the current implementation,
this relates to an instance of the PEGNC network
(see [2]).
At first, the network size as well as certain
recording parameters have to be specified. This
means that after the selection of the active channels, the sample rate, and the input data type (plain
EEG, wavelet, or FFT data), the user has to decide
on a network topology.
Following that, the network has to be trained
with actual EEG data, so as to associate the output
classes with individual brain-wave patterns. The
generation of training patterns is already laid out
in the explanation of fig. 2.
After that, the network can be trained with the
generated training set, and finally, point number
five of BRAINLINK’s main menu leads to online
analysis and classification of the incoming EEG
signal (see fig. 5).
The goal is to have the classifier recognize
and display the (possibly correct) output class (by
thresholding over the most probable one) as in fig.
5a. Due to the conservative nature of the PEGNC
network (see [2]) and because of the sensitiveness
of the EEG signal, the classifier will probably often be uncertain (i.e. “not sure”) about its decision
and display a cross as feedback output (fig. 5b).

b
Figure 5: Different Classification Results
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Search Objectives

As already stated above, the idea in EEG-based
BCI research is to identify mental activities (or
simply: thoughts) which produce characteristic
brain-wave patterns that can be recognized by a
neural network classifier.
In this respect, the term “pattern” stands for a
vector symbolizing an EEG segment of a certain
length conforming to an appropriate representation. Besides, the interpretation of EEG patterns in
a BCI does not start from scratch. Rather, the system tries to associate the pattern belonging to the
spontaneous EEG signal to one of a limited number of candidate patterns (originating from different mental activities) selected beforehand.
However, this “selection” is not free of constraints – the mental activities and the corresponding EEG patterns have to meet a number of requirements. First of all, the subject must be able to issue
the mental activities fast and reliably. Second, multiple patterns belonging to the same mental activity
(issued by the same subject) must always be sufficiently similar. And last (but not least), the patterns
belonging to different mental activities must be distinguishable (i.e. sufficiently dissimilar).
Since any human-computer interaction can be
realized by mentally answering a sufficiently large
number of consecutive yes/no questions, the minimum number of discernible mental activities is

two. Consequently, the ultimate goal in BCI research is to find (at least) two mental activities adhering to the aforementioned qualities.
The BRAINLINK tool is intended to facilitate this search process by offering the PEGNC
network as a neural network classifier, by assisting in generating suitable patterns, and by guiding
through the training and recall phases.
The classification accuracy directly depends on
the selected mental activities and the nature of the
generated training set. The better the training examples cover the input space, the higher the accuracy.
As far as the classifier is concerned, one looks
for a neural network that is able to reliably recognize the subject’s thoughts – with an accuracy near

(or at least as large as possible). This can be
done by trying (and comparing) numerous combinations of different mental activities, electrode positions, segment lengths, frequency ranges, preprocessing methods, training sets, and network topologies.
This “trial-and-error” search is not guaranteed
to lead to an optimum combination, but examples
of currently working BCI systems (see next section
and also [5, 6, 7]) show that this is at least possible.
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signal, which to explain exceeds the scope of this
paper. The interested reader is referred to the literature (e.g. [1]).
For example, Anderson et al. [8] introduce a
system that tries to detect certain mental states
in the EEG signal. Their idea is to give disabled individuals the opportunity to control e.g. the
movement of a mobile robot (or even an electrical wheelchair) by composing sequences of those
states.
The “Brainiac” system of LaCourse and Wilson
[9] lets its user operate a home automation system
(involving a number of on/off buttons), and Polak
and Kostov [10] describe a system enabling its user
to move an artificial wrist by issuing “mental commands”.
Finally, another typical BCI application is an
EEG-controlled spelling device, as the ones described in [11] and [12]. Both systems (although
based on different working principles) enable their
users to repeatedly select characters and thus words
and entire sentences by intentionally altering the
brain-waves. A patient suffering from the “lockedin” syndrome, who is incapable of speaking or issuing any reliable motor commands, can therefore
compose e-mails and have a “social life” without
the need to use the hands.

Possible Applications
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An EEG-based brain-computer interface does not
require any physical skills from the subject whose
EEG is analyzed. Therefore, such a system can
be used by individuals who are unable to use traditional ways of communicating with the environment, in order to interact with a computer or to operate computer-controlled appliances – without the
help of anybody else.
Once optimum parameters have been found
and the classification network has been trained,
BRAINLINK can serve as the basis for a BCI system. Of course, to have a ready-to-use tool, the
output module then has to be adapted (as already
mentioned in the introduction).
In the last decade, more and more BCI applications (each one using its own software approach) supporting people with severe disabilities
have evolved. However, the approaches rely on
many completely different elements in the EEG

Conclusions

A software tool for the development of a braincomputer interface (BCI) has been presented in this
paper. The tool – called BRAINLINK – is actually
a simple BCI itself (with visual output only). As
any EEG-based BCI, it analyzes and categorizes
EEG signals online. The most important part of
the software – an artificial neural network called
Probability Estimating Guarded Neural Classifier
– tries to “understand” the thoughts of a subject
(who is connected to the input of an EEG machine via several electrodes) by recognizing recurrent patterns in the feature vectors that symbolize
the subject’s spontaneous EEG. The output of the
classifier is displayed for feedback purposes on the
computer screen.
BRAINLINK shows the effect of different
mental activities (or thoughts) and the variation
of parameters on the EEG signal or certain de-

rived representations (frequency spectra or wavelet
transforms) and thereby helps to find optimum settings enabling the realization of a “meaningful”
BCI.
Due to its modular structure, the software may
be adapted to any particular hardware environment
and can thus be used right away for research in the
BCI field. This, by the way, directly suggests obvious directions for future work. The main task for
the future is to develop a “ready-to-use” humancomputer interface that requires as little physical
effort as possible and can therefore help people suffering from severe disabilities.
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