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Abstract

Recent advances in computer hardware, neuroscience, signal processing, and
machine learning have made it possible to use human EEG signals or “brain waves”
to communicate with an electronic device, such as a computer. Devices capable of
this type of direct communication between a person’s brain and an external device
are called brain-computer interfaces (BCIs).

In this thesis, I consider Brain-Computer Interface paradigms in which the sub-
ject needs to perform one of two or more mental activities according to a cue. The
goal is to recognize patterns in the EEG signals associated with each mental activity
and to use them to perform a task. For example, imagined movement of the left
hand might be associated with movement of a mouse cursor to the left, while imag-
ined movement of the right hand might be associated with movement of a mouse
cursor to the right.

For this thesis I have implemented several variations of a deformable Markov
model for time-series pattern matching. This is a model that has previously been
used for detecting specific patterns or shapes in time-series data. The patterns
of interest are modeled as K-state deformable Markov models where each state is
responsible for the generation of a component of the overall shape using a state-
based regression function. The distance between segments is modeled as a semi-
Markov process, allowing flexible deformation time. Recognition of a pattern in a
new time series is achieved by a dynamic programming algorithm.

I evaluate the implemented models on data provided at BCI Competitions II and
III. I compare the results to those obtained by the researchers at Graz University
and by the participants in the two competitions.
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Chapter 1

Introduction

The interaction between humans and computers has been an expanding field of
research and development in recent years. The last two decades have witnessed the
emergence of innovative human-computer interfaces that use voice, vision, haptics,
and a combination of these as communication support. [21]

Recent advances in computer hardware, neuroscience, signal processing, and
machine learning have made it possible to use human EEG signals or “brain waves”
to communicate with an electronic device, such as a computer. Devices capable
of this type of direct communication between a person’s brain and an external
device are called brain-computer interfaces (BCIs). Most current BCIs are not
invasive. They consist of electrodes applied to the scalp of an individual or worn in
an electrode cap such as the one in Figure 1.1.

 

Figure 1.1: 32-channel electrode cap made by Neuromedical Supplies [5]
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These electrodes pick up the brain’s electrical activity (at the microvolt level)
and carry it into amplifiers, which amplify the signal approximately ten thousand
times and then pass it via an analog-to-digital converter to a computer for processing
[5]. The computer processes the EEG signal and uses it in order to accomplish tasks
such as communication and environmental control. BCIs are slow in comparison
with normal human actions, due to the complexity and noisiness of the signals used,
as well as the time necessary to complete signal processing and recognition.

Previous work on BCIs has focused on extracting relevant features from the
EEG trials through statistical analyses of their time, frequency and phase properties
[43, 54, 52, 19]. Features are grouped into feature vectors that are used to build
recognition models using machine learning algorithms.

The recognition model used in this thesis is a deformable Markov model for time-
series pattern matching described in [22]. This is a model for detecting specific
patterns or shapes in time-series data. The patterns of interest are modeled as K-
state deformable Markov models where each state is responsible for the generation
of a component of the overall shape using a state-based regression function. The
distance between segments is modeled as a semi-Markov process, allowing flexible
deformation time. Recognition of a pattern in a new time series is achieved by a
dynamic programming algorithm.

1.1 Motivation

On December 8, 1995, Jean-Dominique Bauby, the editor-in-chief of French Elle,
suffered from a severe stroke and became locked-in. His story is described in [5].
Bauby was left with an unimpaired mind and the ability to blink his left eye. He
decided to write a book about his condition and did so by dictating it through
blinking his eye. Each potential letter choice was placed in Bauby’s field of view
in the order of its frequency in the French language. Whenever Bauby wanted to
choose a letter, he blinked. Bauby used this method to record his book, as well as
to communicate with others. In his book, Bauby recounted the horrors of twenty-
four hour care. He hated it when the nurse left the television set on because he
had no way of changing the channel or turning it off. The nurse did not always
pay attention, even when she was around. Bauby talked about being ignored while
madly blinking at the nurse to turn the TV off.

Many different disorders can disrupt the neuromuscular channels through which
the brain communicates with and controls its external environment. Amyotrophic
lateral sclerosis (ALS), brainstem stroke, brain or spinal cord injury, cerebral palsy,
muscular dystrophies, multiple sclerosis, and numerous other diseases impair the
neural pathways that control muscles or impair the muscles themselves. They af-
fect nearly two million people in the United States alone, and far more around the
world. Those most severely affected may lose all voluntary muscle control, includ-
ing eye movements and respiration, and may be completely locked-in, unable to
communicate in any way [69].

With the availability of technology today, the life of patients such as Bauby
could be significantly improved by giving them back even a little control over their
environments or the ability to communicate. Thus a great deal of research has fo-
cused on BCIs as communication systems. The immediate goal of this research is
to provide basic communication capabilities to users who may be completely para-
lyzed, allowing these users to express their wishes to care givers or even control a
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word processing application, a computer, or neuroprosthesis. Typical BCI systems
for communication include control of the elements in a computer-rendered environ-
ment such as cursor positioning [20, 70], spelling programs (e.g. virtual keyboard
[50]), and command of an external device (e.g. TV switch, robot [41], or prosthesis
[53]).

While the most important goal in creating BCIs is to give some form of control
back to the most handicapped individuals, there are other motivations for creating
a brain-computer interface, some of which are discussed in Section 2.1.

1.2 BCI Task and Data

This thesis considers BCI paradigms in which the subject needs to perform one of
two or more mental activities according to a cue. The goal is to recognize patterns
in the EEG signals associated with each mental activity and to use them to perform
a task. For example, imagined movement of the left hand might be associated with
movement of a mouse cursor to the left, while imagined movement of the right hand
might be associated with movement of a mouse cursor to the right.

The data to be used in this thesis have been made available by the Laboratory
of Brain-Computer Interfaces at Graz University of Technology through two online
competitions: BCI Competitions II and III. Each data set consists of single trials
of spontaneous brain activity, one part labeled (the training data) and another
part unlabeled (the test data), and a performance measure. The goal is to infer
labels (and their probabilities) for the test set from the training data. The labels
should maximize the performance measure for the true test labels. There are many
possible performance metrics, such as classification accuracy or mutual information.
The latter combines classification accuracy with the confidence in classification,
providing a better metric when comparing several algorithms.

1.3 Previous Approaches

A great deal of research focuses on creating non-invasive BCI applications that
facilitate communication. Subjects control the electronic devices by performing
mental tasks which are associated with actions specific to each BCI application.
The association between mental tasks and actions requires the selection of a set of
mental tasks to which the BCI responds (controlling set), and the identification of
patterns in the brain activity that characterize each mental task in the controlling
set. These patterns are identified through the analysis of the electrophysiological
signals recorded during the performance of the mental tasks in the controlling set.

The first step in analyzing the electrophysiological signals is for the user to
execute a training phase. As the user performs the mental tasks in the controlling
set, machine learning algorithms analyze the brain signals recorded from sensors on
the scalp and learn the patterns specific to each mental task. Once the training
phase is over, the BCI has a model of the brain signal patterns associated with
each movement in the controlling set. During a testing phase, the brain signals
recorded as the user performs the mental tasks in the controlling set are analyzed
using the model learned during training in an attempt to identify the mental task
being performed. There are two types of adaptation necessary for a successful BCI:
the recognition models need to adapt to each individual subject, and the subject

8



needs to adapt to the recognition model. Indeed, based on feedback from the BCI,
the subject can learn to modulate his brain activity to improve the classification
accuracy of the model.

Many of the algorithms used for BCIs can be characterized procedurally in the
following way:

1) find an approximate representation of the EEG (for example, Fourier coeffi-
cients);

2) define a flexible function that measures the distance between two waves;

3) provide an efficient algorithm using this representation and distance function.

While these approaches employ useful heuristics for waveform matching, they do
not explicitly account for the uncertainty in the matching process. Consequently,
one cannot quantify in general the inherent uncertainty associated with any detec-
tion decision [22].

1.4 Proposed Algorithm

The recognition model used in this thesis provides a probabilistic framework that
accounts for the uncertainty in the matching process. The model is a deformable
Markov model for time-series pattern matching described in [22]. As described
above, this is a model for detecting specific patterns or shapes in time-series data.
The patterns of interest are modeled as K-state deformable semi-Markov models
where each state is responsible for the generation of a component of the overall
shape using a state-based regression function. The distance between segments is
modeled as a semi-Markov process, allowing flexible deformation time. Recognition
of a pattern in a new time series in this model is typically achieved by a dynamic
programming algorithm.

1.5 Goals and Evaluation

Unlike some of the previous approaches, this recognition model provides a proba-
bilistic framework that can quantify the inherent uncertainty associated with any
detection decision. Additionally, recognition of a pattern in a new time series is
achieved by an algorithm that allows flexible deformation time. Scalability is very
important because BCIs are very slow in comparison to human actions, and this
is why this thesis also presents variations of the model that skip the dynamic pro-
gramming step during recognition in order to speed up classification.

For this thesis, I implement the deformable semi-Markov model for time-series
pattern matching and test this algorithm and several variations of it on data pro-
vided at BCI Competitions II and III. I compare the results obtained using this
method to those obtained by the researchers at Graz University and by the partic-
ipants in the two competitions.

1.6 Organization

The remainder of this thesis is organized as follows.
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Chapters 2, 3 and 4 are background chapters describing the basic components
and current standards in BCI research, augmented with examples from previous
work in the field. Chapter 2 introduces brain activity monitoring methods, and
continues with a description of the mental tasks used for controlling a BCI and
the brain signals analyzed for each task. Chapters 3 and 4 introduce two main
components in the analysis of EEG signals in a BCI: extracting relevant features of
the brain signal (presented in Chapter 3), and using machine learning algorithms
to identify patterns in these features (discussed in Chapter 4).

Chapter 5 provides a detailed description of the BCI task and data used in this
thesis.

Chapters 6 gives a formal description of deformable Markov model templates
for time series pattern matching, the recognition method used in this thesis. It
describes how these models can be constructed from the data and how they can be
used for online detection.

Chapter 7 describes the methods used to evaluate BCI performance: accuracy
and mutual information. The results obtained by the variations of the algorithm
explored in this thesis are presented in Chapter 8. This chapter also compares the
results with those obtained by participants in the online BCI competitions.

Chapter 9 outlines the contributions and limitations of the recognition method
used in this thesis and of existing BCIs. It provides a description of possible future
work and of other approaches that may be used in an attempt to improve the
flexibility and speed of BCI systems.
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Chapter 2

Background

After a brief description of BCI systems, this chapter introduces brain activity
monitoring methods. It then focuses on mental tasks used to control BCIs and the
brain signals analyzed for each task.

2.1 BCIs and Their Many Uses

Recent achievements demonstrate that it is currently possible to implement crude
brain-computer interfaces - brain dishes - that allow in vitro neuronal clusters to
directly control computers. A brain dish is a direct mind-computer interface in the
form of a small cluster of neurons in a petri dish that have wired themselves to
electrodes. Thomas DeMarse at Florida University created a brain dish that was
able to learn to fly the flight simulator of an F-22 [14].

Cyberkinetics, in conjunction with the Department of Neuroscience at Brown
University, built a brain-computer interface called BrainGate, used to restore func-
tionality lost due to paralysis. After having about 100 electrodes implanted on the
surface of his brain, Matt Nagel became the first quadriplegic to use a BCI. He can
now control a computer mouse cursor, using it to press buttons that can control
a television, and check e-mail. He can even draw (although the cursor control is
not yet very precise). He can also send open and close commands to an external
prosthetic hand [13].

Dobelle created a bionic eye that uses a digital video camera mounted on glasses
to capture an image and send it to a small computer on a patient’s belt. The image
is processed and sent to electrodes implanted in the patient’s visual cortex. The
electrodes stimulate the brain, producing a pattern of bright spots that form an
image. Similar devices for restoring hearing have also been designed [15].

Scientists at NASA have developed a way for humans to control a computer
map by translating brain waves into computer commands. A person can guide the
direction of a moving map by simply attending to the direction in which he/she
wants to go [45].

BCIs have also been used for games, such as fMRI Pong [46] and balancing a
character on a tightrope [35].
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2.2 Brain Activity Monitoring Methods

Brain activity produces a variety of phenomena that can be measured with ade-
quate sensors and have potential use in BCIs [21]. Current monitoring methods
include electrical potential measurements (electroencephalogram or invasive electro-
physiological methods), functional magnetic resonance imaging (fMRI), magneto-
encephalogram (MEG), and positron-emission tomography (PET). Among the cur-
rent monitoring methods, scalp recorded electroencephalogram (EEG) constitutes
an attractive choice for BCI systems because of its non-invasiveness, relative sim-
plicity and low cost. Therefore, most BCI researchers focus their attention on
EEG-based BCIs [21].

2.3 Mental Tasks

Typical mental tasks include: evoked responses to external stimuli, motor imagery,
and spatial, geometrical, arithmetical, and verbal operations. Following the type of
mental tasks they employ, BCIs are categorized into evoked response and operant
conditioning based ones. Evoked-response BCIs rely on the subject’s attention fo-
cusing on particular stimuli that are associated with actions. Operant-conditioning
BCIs react to particular controlling mental tasks executed by the subject.

2.3.1 Evoked-Response BCIs

External visual or auditory events (e.g. flashing objects on a computer screen
or brief sounds) elicit EEG voltage deviations that are known as event related
potentials (ERPs). When a subject pays attention to a particular stimulus, an
ERP appears in his EEG.

P300
P300 is a type of ERP characterized by a positive deflection of the EEG voltage

that can usually be detected approximately 300 ms after the presentation of an
unexpected stimulus [16, 62, 66].

In P300-based BCIs, the subject is presented with a sequence of events that
can be classified into two categories. The subject is assigned a task that involves
categorizing the events. In general, events in one of the two categories are rarely
presented. In these experiments, events in the rare category generate a prominent
P300. The BCIs can use this effect to determine the subject’s intent.

P300 has been successfully used in the design of a BCI keyboard [38]. The
subject faces a 6 x 6 matrix of symbols. Every 125 ms, a single row or column
flashes. The events are categorized into flashings that contain the relevant cell and
flashings that do not contain the relevant cell. The P300 is prominent when the
row or column of the desired symbol flashes. Thus, the intended symbol is at the
intersection of the row and column that elicited a P300 [16].

The apparent advantage of a P300-based BCI is that it requires no initial train-
ing.

Steady State Visually Evoked Response
Flicker stimuli of various frequencies elicit a steady state visually evoked response
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(SSVER) in the EEG which is characterized by an oscillation at double the fre-
quency of the stimulus [10]. An SSVER can be detected by examining the spectral
content of the signals in the visual cortex.

When actions are associated with target flickers of different frequencies the sub-
ject can control a BCI by gazing at the target corresponding to the desired action
[45, 10, 36, 40, 44, 18, 32].

Scientists at NASA have developed a way for humans to control a computer
map by using SSVER. The four directions of map rotations are marked by small
flickering checkerboards on the display, each one flickering at a slightly different
frequency. As the user views the moving map and attends to the desired flickering
bar, the computer analyzes the brain waves recorded from sensors on the scalp and
picks out the specific frequencies and sensors correlated with the flicker. During a
training phase, separate peak frequencies are detected in the EEG of each user, for
each direction of map rotation [45].

SSVERs generated in response to phase-reversing checkerboard patterns have
been used efficiently for binary control in a visually elaborate immersive 3D game.
The object of the game was to gain 1D control of the balance of an animated
character on a tightrope, by attending to checkerboards positioned on either side of
the character [36].

SSVERs have also been used to control the roll position of a simple flight simula-
tor. A display in the simulator presents a series of commands requiring the operator
to roll right or left. The SSVER is elicited using a visual stimulus generated by
fluorescent tubes that are luminance-modulated at certain frequencies and mounted
behind a translucent diffusing panel [40].

2.3.2 Operant Conditioning Based BCIs

Generation of EEG activity used to control BCIs is often achieved by the subject
performing certain cognitive tasks. These tasks require voluntary control over a
type of brain activity that the person is usually unaware of and unable to sense.
Generation of the EEG activity used to drive a BCI is usually achieved, at least
initially, by the subject performing certain cognitive tasks. In time, subjects may
be able to automatize the skill of controlling EEG components, thus increasing their
control over the BCI in times of cognitive fatigue.

Functional brain imaging studies monitoring changes in regional cerebral blood
flow revealed similar patterns of activity during motor imagery and actual movement
performance [52], making motor imagery a good mental task for the control of BCIs
[12].

BCI research groups have used motor imagery tasks that include: left hand
movement, right hand movement, foot movement, finger movement, and tongue
movement [67, 52, 48, 54, 59, 63, 27, 30, 28, 4].

Some BCI research groups have instructed subjects to think of anything they
want, as long as they can achieve control of the BCI. The idea is that with the
aid of feedback the subject’s brain will learn to control EEG components in an
appropriate, automated way [12].

The Graz BCI system [44, 52, 48, 54, 59, 63, 27, 24, 43, 69, 58, 56, 49, 55, 50, 53]
is a motor imagery-based BCI that analyzes parameters derived by autoregressive
frequency analysis. This research has focused on distinguishing between the EEG
associated with imagination of different simple motor actions, such as right or left
hand or foot movement. Each of the imagined movements is associated with an
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action, thus enabling the user to control a cursor or an orthotic device that opens
and closes a prosthetic hand. For example, imagined left hand movement could be
used to signal the user’s intent to open the prosthetic arm, and imagined right hand
movement could be used to signal the user’s intent to close the arm. The mapping
between the imagined movements and the actions is not important, as long as the
EEG of the imagined movements can be discriminated.

In the standard protocol, the user participates in an initial session to select a
motor imagery paradigm. In each series, the user imagines one of several specified
movements. For each imagined movement, a feature vector is defined. The vectors
establish a user-specific linear or non-linear classifier that determines from the EEG
which action the user is imagining. In subsequent sessions the system uses the clas-
sifier to translate the user’s motor imagery into a continuous output (e.g., extension
of a lighted bar or cursor movement) or a discrete output (e.g., selection of a letter
or other symbol). Normally, the classification algorithm is adjusted between daily
sessions, by incorporating the most recent data. Over 6-7 sessions with two-choice
trials, the users can reach accuracies of over 90%.

The Berlin BCI [8] focuses on distinguishing between EEG associated with
different motor imagery tasks. The EEG is recorded from 128 different channels.
Common Spatial Pattern analysis is used to yield a set of features that are then
used by Linear Discriminant Analysis to classify different types of motor imagery
tasks. The results from a feedback study with six healthy subjects demonstrate
that the system provides reliable feedback after a short calibration measurement
and machine training without the need for the subject to adapt to the system.

Slow Cortical Potential Shifts
Slow Cortical Potential Shifts (SCPs) are shifts in the depolarization level of the

upper cortical dendrites [7]. They indicate the overall preparatory excitation level
of a cortical network and they are universally present in the human brain [21].
Negative SCPs are usually associated with movement and other functions involv-
ing cortical activation, while positive SCPs are typically associated with reduced
cortical activation [7]. SCPs can be obtained using low pass filtering or wavelet
decomposition [26].

Subjects can learn through operant conditioning to produce a SCP shifts in an
electrically positive or negative direction for binary control [7]. SCPs were used to
implement a spelling program through which locked-in patients could communicate
at a rate of one word per minute [7].

The Tubingen BCI [7, 26], called the Thought Translation Device, trains locked-
in patients to self-regulate slow cortical potentials of their EEG. After operant learn-
ing of SCP self-control, patients select letters from a spelling device. The alphabet
is first split into letter-banks which are presented successively at the bottom of the
screen for several seconds. If the subject selects the letter bank being shown by
generating an SCP shift, the letter bank is then split into two, and so on, until one
letter remains.

A training day usually consists of 6-12 sessions each of which lasts about 5-10
minutes. Patients are trained several times per week. Patients had to be trained
for several months to achieve 75% accuracy.

Oscillatory Sensorimotor Activity
Populations of neurons can form complex networks whereby feedback loops are
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responsible for the generation of oscillatory activity. The usual classification of EEG
rhythms based on their frequency ranges is as follows: delta (2 to 4 Hz), theta (4
to 8 Hz), alpha (8 to 13 Hz), beta (13 to 30 Hz), and gamma (higher than 30 Hz).

The alpha rhythm, discovered by Hans Berger in 1929, is typical of a resting
condition and disappears when the subject perceives a sensory signal or when he
makes mental efforts [21].

The theta rhythm originates from interactions between cortical and hippocampal
neuronal groups. It appears in periods of emotional stress and during rapid-eye-
movement sleep [21].

The delta rhythm appears during deep sleep and anesthesia, and is also present
during various meditative states involving willful and conscious focus of attention
in the absence of other sensory stimuli [21].

The neural oscillators that generate the beta rhythms are located inside the
cortex. The beta rhythm is typical of periods of intense activity of the nervous
system and occurs principally in the parietal and frontal regions [21].

The basis of gamma oscillations is interneuronal feedback with quarter-cycle
phase lags between neurons situated close to each other in local areas of the cortex.
It is thought that gamma oscillations are associated with attention, perception, and
cognition [21].

Two types of oscillations are particularly important for BCIs: the alpha and the
central beta rhythms, both originating in the sensorimotor cortex [52]. Sensori-
motor stimulation, motor behavior, and mental imagery can change the functional
connectivity within the cortex and result in an amplitude suppression [event-related
desynchronization (ERD)] or in amplitude enhancements [event-related synchro-
nization (ERS)] of alpha and central beta rhythms [52]. Preparation and planning
of self-paced hand movement results in a short-lasting ERD of the alpha and cen-
tral beta rhythms [52, 67, 48]. The similarity in the rhythm changes produced by
preparation and actual movement suggests the feasibility of BCI systems.

An example of a BCI that allows people with or without motor disabilities to
learn to control mu and beta rhythm amplitude and use the control to move a cursor
in one or two dimensions to targets on a computer screen is the Wadsworth BCI
[70, 39, 69]

For each dimension of cursor control, a linear equation translates mu or beta
rhythm amplitude from one or several scalp locations into cursor movement. Users
learn to control the mouse cursor over a series of 40-minute sessions. They partici-
pate in 2-3 sessions per week and most acquire significant control within 2-3 weeks.
In the initial sessions most employ motor imagery to control the cursor. As training
proceeds, control becomes automatic.

Research with this BCI has focused on defining the topographical, spectral, and
temporal features of mu and beta rhythm control and on optimizing the mutually
adaptive interactions between the user and the BCI system.

2.4 Acquisition of EEG Signals

The data used by a BCI is acquired during a BCI experiment. In a standard
BCI experiment, the subject is generally seated in a comfortable chair in a dimly
illuminated room. Electrodes are placed on his head, usually using a cap with the
electrodes fixed to it. The cap ensure that the inter-electrode distance is appropriate
and that the electrodes are placed in roughly the same position in all experiments.
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To improve the conduction between the skin and the electrode surfaces, electrode
gel or salt solutions are used. Reference electrodes which are placed on a presumed
inactive zone are then chosen. Alternatively, the EEG may be recorded with any
scalp electrode as a reference, and then the average reference can be computed as
a mean of all electrodes [21]. The EEG signals, usually confined to the 0-40 Hz
band, are then recorded, as the subject performs a series of tasks.

2.5 Preprocessing

During preprocessing, the external noise (e.g. power line noise) is removed from
EEG trials and the presence of artifacts is detected. Electromagnetic and EEG
equipment noise are narrow band pass signals. Thus, filtering them out is straight-
forward. Typically, EEG signals are filtered in the 0-40 Hz frequency band [48, 54,
59, 39, 42, 53]. This filtering removes most of the noise, as power line and other
electromagnetic noise sources have frequency supports beyond 40 Hz [21].

In general, EEG trials containing artifacts are discarded, because the relevant
information contained in the trials is masked by the artifacts [70, 24]. For instance,
at frontal, temporal or occipital locations, ocular artifacts can exceed EEG in am-
plitude [25]. In some studies, EEG artifacts are detected visually, by observing
the subject as he is performing the experiment [38]. However, artifacts can be
automatically detected using an outlier-detection procedure [21].

2.6 Operating Protocols

Each BCI has a protocol that guides its operation. This protocol defines how the
system is turned on and off, whether communication is continuous or discontinu-
ous, whether the message transmission is triggered by the system or by the user,
the sequence and speed of interaction between user and system, and the feedback
provided to the user [69].

Ideally, a BCI would be available at all times (asynchronous BCI). Continuous
translation can, however, produce unintended or random output. One research
group successfully implemented a continuous translation procedure and was able
to obtain up to 94% classification accuracy in detecting imagined motor movement
[47]. Another possibility is to have a BCI-based on/off key, such as a distinct pattern
of signal features that is extremely unlikely to occur spontaneously (e.g., a specific
pattern of SCP shifts) [7].

In contrast, synchronous BCIs usually control timing and rate and indicate them
to the user by visual or auditory means. For example, the experimenter decides
when a task begins and ends and signals that to the user. The EEG signal of the
user is only recorded and analyzed during this time, when it is known that the user
is trying to execute the required task. To some extent, the system control of timing
and rate results from the requirements of research: to assess BCI performance, it is
necessary to know user intent, and the simplest way to do this is to have the system
tell the user what to communicate and when.
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Chapter 3

Feature Extraction
Procedures

The performance of a BCI, like that of other communication systems, depends on
its signal-to-noise ratio. The goal is to recognize and execute the user’s intent,
and the signals are those aspects of the recorded electrophysiological activity that
correlate with and thereby reveal that intent. The BCI system’s first task is to
measure the signal features accurately, so as to maximize the signal-to-noise ratio.
The goal of feature extraction is to map the EEG trial space into a feature space
suitable for discrimination of EEG trials resulting from the performance of different
mental tasks. This chapter described common mappings that result from space [43],
frequency (parametric [54] and nonparametric [52]) and time-frequency analysis
[19].

3.1 Spatial Filters

In many experiments, the EEG covers large parts of the brain and is recorded
on a multitude of channels. Given that sensorimotor rhythms originate from very
localized areas in the cortex, it is expected that not all signals recorded from different
sites contribute the same amount of information to the classification, and some
may only contribute noise. The signals from different electrodes thus have to be
weighted in some way, in order to reflect their relevance for the task. Additionally,
the correlation between signals from neighboring electrodes can be used to suppress
the noise in individual channels [43].

The simplest spatial filter is the bipolar derivation, which derives the first spatial
derivative and thereby enhances differences in the voltage gradient in one direction
[69].

The Laplacian derivation is the second derivative of the instantaneous spatial
voltage distribution, and thereby emphasizes activity in radial sources immediately
below the recording location. It can be computed by combining the voltage at
the location with the voltages of surrounding electrodes. As the distance to the
surrounding electrodes decreases, the Laplacian becomes more sensitive to voltage
sources with higher spatial frequencies (more localized sources) and less sensitive to
those with lower spatial frequencies (more broadly distributed sources) [69].

Laplacian and common average reference spatial filters apply a fixed set of
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weights to a linear combination of channels. Both use weights that sum to zero
so that the result is a difference. Principal component, independent components,
and common spatial patterns analyses are alternative methods for deriving weights
for a linear combination of channels. In these methods, the weights are determined
from the data.

In [43], the raw signals are decomposed into spatial patterns that are extracted
from the data of two populations of EEGs in a manner that maximizes their dif-
ference. The spatial patterns provide a weighing of the electrodes, which is derived
directly from the data. The high-dimensional, spatial-temporal raw signals are pro-
jected onto a few specifically designed spatial filters. These filters are designed in
such a way that the variances of the resulting signals carry the most discriminative
information. The adjuncts of the filters are called Common Spatial Patterns, and
they are obtained from a set of calibration data by a method called CSP. Given two
distributions in a high-dimensional space, the CSP algorithm finds directions that
maximize variance for one class and at the same time minimize the variance for the
other class [8].

By using this method in different frequency bands, [20] derive a set of space
frequency filters to characterize each mental task in the controlling set. Further-
more, [19] combine the diagonalization of the mean autocorrelation matrices with
the analysis of time-frequency correlations to derive a set of features to discrim-
inate among three mental activities, namely imagined left and right index finger
movements and mental counting.

3.2 Time-Frequency Analysis

EEG signals are composed of the univariate signals recorded at each electrode.
They can thus be modeled as realizations of a multivariate stochastic process. Time-
frequency (TF) analysis of multivariate signals aims at describing the time variations
of their intra- and inter-component spectral properties by means of a time-frequency
representation (TFR). TF analysis is particularly useful for non-stationary signals
for which analysis restricted to time or frequency is not sufficient to describe their
dynamics [21].

Time-frequency representations of signal can be divided into two groups accord-
ing to the nature of their transformations: linear (Short-time Fourier Transform),
and quadratic (based on the Wigner-Ville distribution) [19]. The latter may be
further subdivided as power or correlation based.

Following is a description of time, frequency, and time-frequency analysis of
univariate signals. The analysis is generalized to multivariate signals in [21].

Let y be a univariate stochastic signal of length T , composed of random variables
{y(t)|t = 0, . . . , T − 1}, where t is the time index. A description of time-frequency
analysis methods is presented below [21]:

3.2.1 Time Domain Analysis

The properties of y can be described in time using first and second order moments
computed on the random variables y(t). These moments are:

1. The expectation of y(t): Ep(y(t))[y(t)], where p(y(t)) is the probability density
function associated with y(t).
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2. The expectation of the product y(t1)y(t2): Ep(y(t1),y(t2))[y(t1)y(t2)], where
p(y(t1), y(t2)) is the joint probability density function of y(t1) and y(t2).

Expectations taken with respect to the probability density functions associated
with the random variables y(t) are called ensemble averages. For convenience of
notation, any ensemble average over y is denoted as Ey[.].

The signal power Py and time autocorrelation function Ry(t, τ) are defined as:

Py =
1
T
Ey[

T−1∑
t=0

|y(t)|2]

Ry(t, τ) = Ey[y∗(t− τ)y(t)]

where ∗ stands for the complex conjugate operator, t is the time at which Ry is
computed, and τ ∈ {−T + 1, . . . , T − 1} is the time lag. Since Py can be written
as an average over time of Ey[|y(t)|2] = Ry(t, 0), it follows that Ey[|y(t)|2] can be
considered as the signal power density in the time domain (or power time density,
PTD). Thus, Ey[|t(y)|2] can be used to compute the average, over the PTD of any
time function γ(t) as follows:

(γ(t))PTD =
1
T

T−1∑
t=0

γ(t)Ey[|y(n)|2]

3.2.2 Frequency Domain Analysis

Most current BCIs use features based on the parametric and nonparametric spectral
representations of EEG signals.

Nonparametric spectral representations are obtained through the discrete Fourier
transform.

The frequency properties of y can be examined using its discrete Fourier trans-
form defined as:

ŷ(ψ) =
T−1∑
t=0

y(t)exp(−j 2πtψ
T

)

where ψ is the frequency index. The correspondence between the frequency index
ψ and the actual frequency f (in Hz) is given by [21]:

f =
fyψ

N
ψ = 0, . . . ,

T

2

where fy is the sampling frequency.
Using the discrete inverse Fourier transform, y can be obtained from ŷ as follows

[21]:

y(t) =
1
T

T−1∑
ψ=0

ŷ(ψ)exp(j
2πtψ
T

)

Similarly to the time domain, first and second order moments can be defined on
the random variables ŷ(ψ). In particular, the frequency autocorrelation function
can be defined as:
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Ry(ψ, ν) =
1
T
Eŷ[ŷ∗(ψ − ν)ŷ(ψ)]

where ν is the frequency lag and 1
T is the normalization factor.

The PTD of y can be obtained by taking the Fourier transform with respect to
the time lag τ by the sum over t of the time autocorrelation functions Ry(t, τ):

(exp(j
2πtν
T

))PTD =
1
T

T−1∑
t=0

Ey[|y(t)|2]exp(j
2πtν
T

)

Several studies successfully used frequency analysis for feature extraction. In
[52], the power in the alpha and beta bands at electrodes located near the motor
cortex are used to discriminate between EEG trials produced from the imagination
of left and right hand movements. In [69], the powers in the alpha band at frontal,
central and occipital electrodes are used in a 1D cursor positioning application.
In [42, 41], the powers in 2 Hz wide frequency bands from 8 to 30 Hz at every
electrode are used as features to discriminate among five mental tasks, namely
relaxing, imagination of left and right hand movements, rotation of a cube, and
arithmetic.

3.2.3 Combining Time and Frequency Analysis

The analyses in the time and frequency domains can be combined into an analysis
in the time-frequency plane.

The fundamental power-based time-frequency representation (TFR) of a signal
is its Weigner-Ville transform (WVT):

Wy(t, ψ) =
1
T

T−1∑
t=0

y∗(t− τ)y(t)exp(−j 2πτψ
T

)

The time-frequency autocorrelation can be defined as:

Ry(t, τ, ψ, ν) =
1
T
Ey[W ∗

y (t− τ, ψ − ν)Wy(t, ψ)]

where t and ψ are the time and frequency at which the TF correlation is computed,
and τ and ν are the time and frequency lags respectively.

Nonparametric spectral representations are often too slow for online BCI exper-
iments. Parametric spectral representations have proved to be more practical for
online BCI. The latter include: autoregressive (AR) [51] and autoregressive moving
- average (ARMA) [31] models for each EEG channel, multivariate autoregressive
models (MAR) that characterize all the channels simultaneously [3], and adaptive
autoregressive models that do not assume the EEG is stationary [54, 58].

3.3 AR Model

The notation AR(p) refers to an autoregressive model of order p. The AR(p) model
can be written as [9]:

yt =
p∑
i=1

aiyt−i + εt
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where a1, . . . ap are the parameters of the model and εt is an error term.
The AR parameters can be calculated using the Yule-Walker equations [9]:

γm =
p∑
k=1

akγm−k + σ2
ε δm

where m = 0 . . . p, γm is the autocorrelation function of y, σε is the standard
deviation of the input noise process, and δm is the Kronecker delta function.

For m = 0 the equation:

γ0 =
p∑
k=1

akγ−k + σ2
ε

can be used to solve for σ2
ε . The remaining p equations are used to solve for the

AR parameters a1 . . . ap, which are the p unknowns in the system of equations.

3.3.1 ARMA Model

The notation MA(q) refers to the moving average model of order q [9]:

yt = εt +
q∑
i=1

biεt−i

where b1, . . . bq are the parameters of the model and ε1, . . . εt are the error terms.
The notation ARMA(p, q) refers to the model with p autoregressive terms and

q moving average terms. This model contains the AR(p) and MA(q) models [9]:

yt = εt +
p∑
i=0

aiyt−i +
q∑
i=0

biεt−i

ARMA models can, in general, after choosing p and q, be fitted by least squares
regression to find the values of the parameters that minimize the error term.

3.3.2 MAR Model

In a multivariate model with c variables, an observation yt is a c-dimensional vector
and all of the equations above still hold [3].

3.3.3 AAR

An adaptive autoregressive (AAR) model describes a signal yt in the following form
[54]:

yt =
p∑
i=1

ai,tyt−i + Et

where, in the ideal case, Et is a purely random or white noise process with mean zero
and variance σ2

E . The difference to an AR model is that the parameters a1,t . . . ap,t
can vary with time [54].
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For simplicity, the AR parameters and the past p samples of the time series are
defined as vectors [58]:

at = [a1,t . . . ap,t]′

yt = [yt . . . yt−p+1]′

The Mean Square Error (MSE) is thus defined as [58]:

MSE =
1
T

T∑
t=1

E2
t

and the total power of the EEG

MSY =
1
T

T∑
t=1

y2
t

The relative error variance, which is a measure for the goodness-of-fit of the
model, is defined below:

REV = MSE/MSY

The Least Mean Square Estimation method can be characterized by the following
formulas [54, 58]:

Et = yt − a1,t−1yt−1 − . . .− ap,t−1yt−p

ai,t = ai,t−1 + cEtyt−i, i = 1 . . . p

with Et being the prediction error and c an update ratio.

c = UC/MSY

where UC is called the update coefficient. This has the advantage that the adap-
tation ratio can be defined independently of the signal power, which is equivalent
to normalizing the signal to power of unity [58].

An important issue is the initial value of a0. There are two possibilities that
were examined in [58]: initialization with zero and with average values estimated
by the Yule-Walker equation.

The parameters of the model can also be estimated using the Recursive Least
Squares Algorithm (RLS), which is characterized by the following equations [58]:

Et = yt − at−1
′yt−1

rt = λ−1At−1yt−1

kt =
rt

yt−1
′rt + 1

at = at−1 + ktEt

At = λ−1At−1 − ktr
′
t

kt is called the Kalaman Gain Vector. The term λ−1 serves a similar purpose to
that of the UC update coefficient, to which it is connected by the formula:
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λ−1 =
1

1− UC

The AAR parameters are estimated for every sample time point for all EEG
channels. They are then used to form a matrix of data vectors dt(k), where k
denotes the trial number, t denotes the sample number within the trial, and cj
denotes an EEG channel. [49]:

dt(k) = [at(k), cj ]

3.4 Nonlinear Feature Extraction Methods

Nonlinear (or deterministic chaos) feature extraction methods have been sporadi-
cally used in the BCI context. In [65], phase space reconstruction of the chaotic
attractor associated with signals recorded at electrodes O1 and O2 are used to
discriminate between three cognitive mental states: eyes open-subject alert, eyes
closed-subject alert, and eyes closed-subject performing visualization tasks. Phase
synchronization measures (ERS and ERD) [6] appear to be adequate for the recog-
nition of certain mental states from EEG. Furthermore in [64] measures of the EEG
complexity are used to provide 1D control.
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Chapter 4

Classification Algorithms

BCI translation algorithms convert signal features into device control commands.
Commands may be continuous (e.g., cursor movements) or discrete (e.g., letter
selection) [69]. The success of a BCI is determined by the appropriateness of
the selected signal features, by how well it encourages and facilitates the user’s
control of these features, and by how effectively it translates this control into device
commands.

This chapter discusses use a variety of translation algorithms, including linear
equations, discriminant analysis, and neural networks [70, 56, 34], which are used
in existing BCIs.

4.1 Linear Functions

In the simplest case, in which only one signal feature is used, the output of the
translation algorithm can be a linear function of the feature value. The algorithm
needs to use appropriate values for the intercept and slope of this function. If the
command is vertical cursor movement, the intercept should ensure that upward and
downward movement are equally possible for the user. It is believed that the mean
value of the signal feature over some interval immediately preceding performance
provides a good estimate of the proper intercept [69] . The slope determines the
scale of the command (e.g., the speed of the cursor movement). When a single
signal feature is used to select among more than two choices, the slope also affects
the relative accessibility of these choices [69].

4.2 Linear Discriminant Analysis (LDA)

LDA is a machine learning technique used to find the linear combination of features
which best separates two or more classes of objects or events. In the context of
BCIs, it is most frequently applied to experiments with continuous feedback based
on AAR parameter estimation [58, 54, 24, 49] or CSPs [8, 56].

Consider a BCI application for which the translating algorithm needs to dis-
criminate between two commands (e.g., left versus right imagined hand movement).
Consider a set of features, x for each EEG sample, associated with a known class
c. This set of samples is called the training set. The classification problem is to
find a good predictor for the class c of any sample of the same distribution (not
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necessarily from the training set) given only an observation x. LDA performs the
classification with the aid of a discriminant function g, where

g(x) = w′x+ w0

If g(x) > 0 then x is classified as belonging to one class, otherwise then x is
classified as belonging to the other class. g(x) can be viewed geometrically as a
hyperplane separating the two classes.

Assuming that the probability density functions p(x|c = 1) and p(x|c = 0) are
both normally distributed, with identical full-rank covariances Σc=0 = Σc=1 = Σ,
the values of w and w0 that maximize the likelihood of the data are [17]:

w = Σ−1(µ1 − µ0)

w0 = −1
2
(µ1 − µ0)′Σ−1(µ1 − µ0) + ln(

P (c = 0)
P (c = 1)

)

where µ0 and µ1 represent the means of the features in classes 0 and 1 respectively.
The two-class example is generalized for multiple classes and unequal covariances

in [17].
In [56] the AAR parameters of the EEG channels or the variance time series

of the CSPs are linearly combined and a time-varying distance (TSD) function is
calculated using LDA [58, 54, 24, 49]. For example, in [49], the AAR parameters
in matrix dt (as defined in the previous chapter) are combined using weight vector
w with which a distance Dt is computed:

Dt(k) = w′dt(k)− w0

The result and the certainty of classification can be presented to the subject by
continuously moving a feedback bar representing the Dt. In [56], the lowest online
errors obtained using LDA for three subjects were 1.8, 6.8, and 12.5% for the CSP
method, and around 5, 9, and 9 % for the AAR method.

4.3 Learning Vector Quantization (LVQ) and Dy-
namic Scaled Learning Vector Quantization (DSLVQ)

LVQ and DSLVQ are predominantly used in online experiments with delayed feed-
back presentation.

LVQ is a type of artificial neural network. It is a nearest-neighbor classifier
which generates a code book of labeled reference vectors in such a way that, for each
training example, the nearest vector is, with high probability, of the same category
as the training example. In this way, LVQ tries to optimize the representation
of the training examples by the set of reference vectors, and at the same time to
minimize the classification error. The LVQ code book is generated using an iterative
learning procedure: in each iteration a randomly selected training example of known
classification is compared to the code book and the two closest reference vectors are
found. Depending on the class labels of the given example and of the two reference
vectors, these vectors are updated by either pushing them towards the example
if the vectors’ class labels are identical to the known classification of the example
or by pushing them away from the example in the case of incorrect classification.
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The overall aim of this learning algorithm is to increase the probability of correct
classification the next time the same example is presented [55].

The DSLVQ algorithm is an improved learning vector quantization classifier
which uses a weighted distance function and adjusts the influence of different input
features through a supervised learning algorithm. The influence of a single feature is
modified according to its contribution to correct/wrong classifications of the system.
To store and control the influence of each feature, DSLVQ uses a scaling or weight
vector w, where each value wi reflects the importance of the corresponding feature
i of the data vectors [55].

In [55], DSLVQ was used on spectral components of the recorded data. The
DSLVQ weight values were analyzed to find the most relevant frequency components
for each subject, suitable for discrimination between right and left motor imagery.

4.4 Adaptive Logic Network

An ALN (adaptive logic network) is a kind of artificial neural network. It is a
special case of the familiar multilayer perceptron (MLP) feedforward network and
has been designed to perform basic pattern classification computations at extremely
high speed. The adaptive term in an ALN refers to the changeable, or adaptive,
parameters in an arbitrary number of linear functions. These are functions of the
form [11]:

Lj =
n∑
i=1

wijXj − C

where X is a vector of independent explanatory variables that represent the input
variables to a neural network (X0 = 1 is a bias term), while C is a vector of
dependent variables that represent the network output (class labels). If Lj = 0, we
have the definition of a line for n = 1, a plane for n = 2, or a hyperplane for n > 2.

An ALN changes the weights wij in each of these linear functions to produce a
desired result.

The ALN incorporates the linear functions into the leaf nodes of a decision tree.
Each leaf of the tree evaluates whether Lj ≥ 0, resulting in a value of true or
false. An evaluation of true means that a linear threshold has not been reached
for a particular combination of values for the input and output variables. The
parent nodes of the linear threshold units and all other parent nodes in the tree
are restricted to be either and or or logic functions . An example of an ALN is
presented in a figure from [11]:

We can see that an ALN divides the space of solutions into convex regions
delimited by the linear functions. A special example of an ALN is the multiple
regression model, which is obtained when the ALN consists of only one single linear
threshold unit [11].

The number of possible ALN structures is boundless, but fortunately in prac-
tice only a reasonable number need to be considered. If there are n independent
variables X, each linear piece will have n + 1 variable weights - we should not
have more weights to be estimated than there are observations in our estimation
sample. In addition, many ALN structures that appear to be different are re-
ally logically equivalent, so we don’t need to consider all of them. For example,
AND(L1, AND(L2, L3)) is equivalent to AND(L1, L2, L2).
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Figure 4.1: ALN: X = explanatory variables that represent the input variables to
the neural network; C = class labels [11]

Given a decision tree, an ALN uses least squares in a sequential fashion to
estimate its parameters. First, parameter values are randomly assigned to all linear
functions in the ALN. Next, training values in the estimation sample are input into
the ALN. Truth values are then propagated through the tree, producing the output.
For a training example (Xj , Cj), the active surface is defined as C =

∑n
i=1 wijXj ,

C 6= Cj . Iterative least squares is used to modify the active surface C, moving it
closer to the training value [11].

The active surface responsible for the output is determined using logic rules.
Every logic node in an ALN can be assigned formal responsibility using the rules
of logic. The assignment of responsibility proceeds from the output backwards. By
definition, the output node is always responsible. An and or or node is responsible
only if a change in its truth value would change the output of the network. This
algorithm is quite efficient, as it eliminates a large part of the network from potential
responsibility [11].

For example, if presented with the training example (x = 3, c = 2) for the
network in the figure, the linear functions would evaluate to true, true, true, false.
The logical expression evaluated will be OR(AND(true, true), AND(true, false) =
true. If the example were in fact false, blame would be assigned to the AND on
top, which would generate a change of weights for the two linear functions on top.

[34] used ALNs to classify EEG patterns in an on-line experiment. Autoregres-
sive features of the EEG were extracted and presented to the ALN for training. The
resulting ALN was then used to determine the direction of cursor movement and
update the cursor position on the screen. Subjects were able to control the cursor
in one dimension with 100% accuracy, while in two dimensions accuracies were 63%
and 76%.

27



4.5 SVM

Support vector machines (SVM) have been successfully applied for classification
and regression in various domains of pattern recognition. In [29], SVMs are used
to detect the presence or absence of the P300 component in EEG event related
potentials, which is crucial for building a P300-based speller paradigm.

An easy way to perform binary classification is to construct a hyperplane de-
scribed by a weight vector w and a bias term w0. Based on a training set of
n examples, with data vectors yi corresponding to labels ci, a machine learning
algorithm needs to find such a hyperplane according to some suitable optimality
criterion. In a test phase, the class label of a new data vector y can be predicted
by projecting y on the weight vector w [29]:

f(y) = w′y + w0

The sign of the projection would reveal the predicted class label. As a suitable
optimality criterion, one may choose the maximum margin criterion, which favors
the hyperplane with the largest separation margin, λ. To describe the optimal
hyperplane, only the vectors on the margin, the so-called support vectors, are nec-
essary [29]. The weight vector w that maximizes the margin is w =

∑
i ciαiyi,

where αi are positive Lagrangian multipliers, resulting in [29]:

f(y) =
∑
i

ciαi(yyi) + b

The replacement of the dot product yyi by a positive definite symmetric Kernel
function K(y, yi) results in a nonlinear discriminant function [29].

Using this method, [29] obtained an accuracy of 84.5% for separation of P300
from non-P300 epochs for the speller paradigm described in the P300 chapter.

4.6 Evaluation of Classification Algorithms

The evaluation of a translation algorithm reduces to determining how well it ac-
complishes three levels of adaptation [69]:

1. Initial adaptation to a new user’s signal features

2. Periodic online adjustments to reduce the impact of spontaneous variation in
a user’s signal features

3. Continuing adaptation that encourages and guides the user’s adaptation to
the BCI

So far, most evaluations have concentrated on the first level of adaptation. In
these evaluations, alternative algorithms are applied offline to data gathered from
one or more users. Part of the data is used to estimate the parameters of the
algorithm, and the rest is used for testing [69].

The second level of adaptation can be addressed by offline analysis that mimics
the online situation. The need for this second level of adaptation tends to favor
simpler algorithms. Parameter adaptation is likely to be more difficult and more
vulnerable to instability and require more data for more complex algorithms [69].
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The third level of adaptation is not amenable to offline evaluation. The goal of
this adaptation is to induce the user to develop and maintain the highest possible
level of correlation between his or her intent and the signal features that the BCI
employs to determine that intent. The algorithm can presumably accomplish these
aims by rewarding better performance [69].
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Chapter 5

BCI Task and Data

Two data sets are used in this thesis. The primary data set consists of EEG signals
for imagined left and right hand movement. The second data set also includes
tongue and foot movement. The goal is to recognize patterns in the EEG signal
associated with each mental activity and to use them to perform a task.

The data to be used in this thesis have been made available by the Laboratory
of Brain-Computer Interfaces at Graz University through two online competition
[1, 2]. In this chapter I describe the task given to the subjects for which the data
was collected, the data collection methodologies and the format of the data itself,
for each of the two data sets.

5.1 BCI Competition II Data Set

This section describes the data set made available during BCI Competition II. This
data set consists of single trials of spontaneous brain activity for imagined left and
right hand movement, one part labeled and one part unlabeled.

5.1.1 Task

The data set was collected from one subject. The task given to her was to control
a feedback bar by means of mental imagery. The subject was instructed to imagine
left-hand movements when she wanted to make the bar grow to the left and right-
hand movements when she wanted to make the bar grow to right. The order of left
and right cues was random. Each trial the subject performed began with 2 seconds
which were quiet. At t = 2s an acoustic stimulus indicated the beginning of the
trial and a cross ”+” was displayed for 1 second; then at t = 3s, an arrow (left
or right) was displayed as a cue, indicating that the subject was to make the bar
grow in the direction of a the cue. During the trial, the subject was given feedback
consisting of the direction and amount of growth of the bar. The timing scheme of
one trial is illustrated in figure 5.1.

5.1.2 Physical Set-Up

The EEG data were recorded from a healthy 25 year old female subject. She sat in
a relaxing chair with armrests and was asked to perform the task described above.
The recording was made using a G.tec amplifier and Ag/AgCl electrodes. Three
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Figure 5.1: Electrode positions (left) and timing scheme (right). [1]

bipolar EEG channels were measured over C3, Cz and C4. The location of these
channels on the human scalp is illustrated in figure 5.1. The EEG was sampled
at 128Hz, and filtered between 0.5 and 30Hz. An example of one trial of EEG
recordings is given in figure 5.2.

5.1.3 Experimental Design

The experiment consisted of 7 runs with 40 trials each, resulting in 280 trials each
of which is 9 seconds in length. Because the EEG was sampled at 128Hz, there
were 128 readings per second per channel, resulting in 1152 readings per trial per
channel. The trials for training and testing were randomly selected in order to
prevent any systematic differences between the two.

All runs were conducted on the same day with several minutes break in between.
The feedback given to the subject was based on Adaptive Autoregressive (AAR)
parameters of channels C3 and C4, combined with a discriminant analysis into one
output parameter whose sign represented the direction of bar-growth and whose
absolute value determined the length of the bar [60, 49].

5.1.4 Data Format

The data are provided in Matlab file format. It consists of 140 trials of training
data and 140 trials of test data. Each trial contains 9 seconds of microvolt readings
sampled at 128Hz from 3 EEG channels, as outlined in the task description. In
addition, the training trials also contain labels indicating whether the performed
motor imagery corresponded to left or right movement.

5.2 BCI Competition III Data Set

An second data set was used to test the flexibility of the model, and to extend its
application to multi-class classification. The algorithm was optimized for the BCI
Competition II data set and then applied to this second set to assess its flexibility.
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Figure 5.2: Example of EEG signal.

This data set was made available by the Laboratory of Brain-Computer Inter-
faces at Graz University during BCI Competition III [2]. The data set consists of
multi-class motor imagery with four classes of imaginary movement(left hand, right
hand, foot, and tongue). Data from 60 EEG channels was recorded for this task for
three different subjects.

5.2.1 Task

As noted above, the task was to perform imaginary left hand, right hand, foot or
tongue movements according to a cue. The order of cues was random. The first
2 seconds of each trial were quiet. At t = 2s an acoustic stimulus indicated the
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beginning of the trial, and a cross + was displayed. Then, from t = 3s, a cue in the
form of an arrow to the left, right, up or down was displayed for 1 second, indicating
that the subject was to imagine movement corresponding to the cue until the cross
disappeared at t = 7s. The timing scheme described above is illustrated in figure
5.3.

Dataset IIIa: 4-class EEG data

Short description:
cued motor imagery (multi-class) with 4 classes (left hand, right hand, foot, tongue)
three subjects (ranging from quite good to fair performance)
EEG, 60 channels, 60 trials per class
performance measure: kappa-coefficient

EEG recording:

The recording was made with a 64-channel EEG amplifier from Neuroscan, using
the left mastoid for reference and the right mastoid as ground. The EEG was
sampled with 250 Hz, it was filtered between 1 and 50Hz with Notchfilter on.
Sixty EEG channels were recorded according the scheme in figure 2. The data of
all runs was concatenated and converted into the GDF format [1].

Paradigm:

The subject sat in a relaxing chair with armrests. The task was to perform imagery
left hand, right hand, foot or tongue movements according to a cue. The order of
cues was random. The experiment consists of several runs (at least 6) with 40 trials
each each; after trial begin, the first 2s were quite, at t=2s an acoustic stimulus
indicated the beginning of the trial, and a cross “+” is displayed; then from t=3s an
arrow to the left, right, up or down was displayed for 1 s; at the same time the
subject was asked to imagine a left hand, right hand, tongue or foot movement,
respectively, until the cross disappeared at t=7s. Each of the 4 cues was displayed
10 times within each run in a randomized order.

time in s0 2 5 6 7431 8

TrainingBlank screen

Fixation cross

�������

Figure 1: Timing of the paradigm.Figure 5.3: Timing of a trial. [2]

5.2.2 Physical Set-Up

The data was recorded from three subjects. During the experiment, a subject sat
in a relaxing chair with armrests. The recording was made with a 64-channel EEG
amplifier from Neuroscan, using the left mastoid for reference and the right mastoid
as ground. The EEG was sampled with 250 Hz and filtered between 1 and 50Hz
with Notchfilter on. Sixty EEG channels were recorded.

5.2.3 Experimental Design and Data Format

The experiment for each subject consists of several runs (at least 6) with 40 trials
each. Each of the 4 cues was displayed 10 times within each run in a randomized
order, resulting in 60 trials per class.

The data was provided in Matlab file format, in a separate file for each subject.
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Chapter 6

Deformable Markov Model
Templates for Waveform
Pattern Matching in the
context of BCIs

The first step in creating a BCI for the Graz task involves the application of a
machine learning algorithm to characterize the patterns specific to each mental task.
The algorithm explored in this thesis is a deformable Markov model for waveform
pattern matching. In section 6.1 of this chapter, I will give a general description
of the algorithm. In the following section, I will describe the preprocessing of the
data, the construction of the model from data, and how the model can be applied
to perform classification.

6.1 General Description

The algorithm explored in this thesis forms a probabilistic model for each type of
imaginary movement. The same kind model is used for both types of movement,
but the parameters learned for each of them are different. The construction of the
model for one type of movement begins by segmenting each training trial into K
pieces, using a standard segmentation algorithm, bottom-up segmentation. The K
segments are formed so as to maximize the similarity of the data in each segment
according to a specified criterion. For example, a piecewise linear representation
of the signal minimizes the sum of squared residuals of the regression lines fitted
through the data corresponding to each segment. An example of segmenting data
into two similar pieces is presented in the figure 6.1:

Parameters corresponding to each of the K segments are learned by averaging
the information for each segment over all 140 trials. In the case of piecewise linear
segmentation, the parameter learnt can be the slope of a the regression line fitted
through each segment.

This summary of the data into K segments is equivalent to the construction of
a K-state deformable Markov model, each state of which corresponds to a segment
in the representation, as described in section 6.4.

34



0 50 100 150 200 250 300

-4
00

-2
00

0
20

0
40

0
60

0

Time

Si
gn

al

Figure 6.1: A simple illustration of a signal with three segments. The solid lines
show the underlying deterministic components of the regression models within each
state, and the points show the actual noisy observations.

Once we have a deformable Markov model for each type of imagined movement,
a basic task is identifying the likelihood that a new data sequence was generated
by each model. Each new trial is segmented into K pieces that maximize the
similarity of each segment according to the criterion used for building the model.
The likelihoods that the segmented data sequence was generated by each model
are calculated, and the data trial is given the labeled corresponding to the highest
likelihood. Some variations of the classification model use a dynamic programming
algorithm to segment a new trial into K pieces in a way that maximizes the like-
lihood that the data was generated by each model. The maximized likelihoods
corresponding to each model are then compared, and the data trial is given the
label corresponding to the highest likelihood.

6.2 Bottom-Up Segmentation

The training algorithm implemented in this thesis begins by segmenting each data
trial into K pieces. The segmentation is accomplished with the Bottom-Up algo-
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rithm [33], a standard technique for time series segmentation. Given the signal for
one trial, y1, . . . yT , Bottom-Up segmentation starts from the finest possible approx-
imation of the time series, where each pair of adjacent samples forms a segment.
Next, the cost of merging each pair of adjacent segments is calculated. In the case
of piecewise linear segmentation, the cost of merging two segments will be the dif-
ference in the sum of squared residuals of the regression line fitted through the new
segment and the sum of the sum of squared residuals of the two lines fitted through
the smaller segments. Then, the algorithm begins to iteratively merge the lowest
cost pair until a stopping criterion is met (in this case, until K segments are left).
When a pair of adjacent segments are merged, the cost of merging the new segment
with its left and right neighbors is calculated. There is no need to recalculate the
cost of merging any of the other segments. The number of segments that each data
trial is divided into, K, is set empirically. The value of K used in this thesis is 5.

6.3 Hidden Markov Models

Once the training trials have been segmented into K segments each, we construct
a K-state deformable Markov model (a special case of a hidden Markov model
(HMM)), with each state corresponding to one segment in the piecewise represen-
tation.

A hidden Markov model (HMM) is a statistical model in which the system
being modeled is assumed to be a Markov process with unknown parameters, and
the goal is to determine the hidden parameters from the observable parameters [68].
The extracted model parameters can then be used to perform further analysis, for
example for analyzing the similarity of two EEG signals.

In a regular Markov model, the state is directly visible to the observer, and
therefore the state transition probabilities are the only parameters. In a hidden
Markov model, the state is not directly visible, but variables influenced by the state
are visible [68]. These variables will be denoted as θi in our model. Each state has a
probability distribution over the possible output tokens. Therefore the sequence of
tokens generated by an HMM gives some information about the sequence of states.

Figure 6.2 shows the general architecture of an HMM. Each oval shape repre-
sents a random variable that can adopt a number of values. The random variable
x(i) is the value of the hidden variable of state i. The random variable θi is the
value of the observed variable corresponding to state i. The arrows in the diagram
denote conditional dependencies.

From the diagram, it is clear that the value of the hidden variable x(i) (for state
i) only depends on the value of the hidden variable x(i−1) (for state i−1). This is
called the Markov property. Similarly, the value of the observed variable y(i) only
depends on the value of the hidden variable x(i).

A general HMM process can start in any state, according to an initial state
distribution π, where πi represents the probability of the process starting in state i.
The process can then transition from one state to another according to a transition
matrix A, where Ai,j represents the probability of going to state j given that the
process is in state i.

The probability of observing a sequence Θ = θ1, . . . , θK of length K is given by:

P (Θ) =
∑
X P (Θ | X)P (X)

where the sum runs over all possible hidden node sequencesX = x(1), x(2), . . . , x(K).
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Figure 6.2: Architecture of an HMM. [68]

There are three problems associated with HMMs [68]:

• Given an output sequence or a set of such sequences, find the most likely set of
state transition and output probabilities. In other words, train the parameters
of the HMM given a data set of sequences.

• Given the parameters of the model, compute the probability of a particular
output sequence.

• Given the parameters of the model, find the most likely sequence of hidden
states that could have generated a given output sequence.

The solutions to the first, second and third problems for the deformable Markov
Model used in this thesis are described in sections 6.4, 6.4.1 and 6.6.3 respectively.

For more information about HMMs and how to solve the associated three prob-
lems in general, see [57].

6.4 Constructing a Waveform Model from the Data

The deformable Markov model constructed in this thesis is a special case HMM. It
is an adaptation of the model presented in [23]. The model describes a time series
in which each of the K segments have to follow each other sequentially. Because one
can only start from segment 1, the initial state distribution will be π = [1, 0, . . . 0].
Furthermore, since the model must transition from segment 1 to segment 2, and so
on, the transition matrix A will be diagonal (Ai,i+1 = 1, Ai,j = 0 if j 6= i+ 1). The
output probability distribution of state i will be of the form

p(ym+1ym+2 . . . ym+di
|si) = p(di|si)p(θi|si)

where

• y1 . . . yT is the brain signal for one channel for one trial

• di = duration (length) of segment i in time

• p(di|si) = left-truncated Gaussian with meanmean(li,n) and variance var(li,n),
for all n ∈ {1 . . . numTrainingTrials}, where li,n is the length of the ith seg-
ment of the nth trial
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• θi = state i’s parameter (for example, the slope of the least square regression
line estimate)

The training procedure essentially amounts to setting the means and variances
in an appropriate data-dependent manner based on multiple waveform observations.

This model thus summarizes a time series by dividing it into K segments, each
of which is described by a duration, di, and a parameter, θi. The probability that
a portion of the observed time series, ym+1ym+2 . . . ym+di

, corresponds to state i is
determined by the probability that the length of this segment is consistent to the
length of segments in state i and by the probability that the parameter θ of this
segment is consistent to the parameter θi of state i.

6.4.1 Bottom-Up Segmentation for Computing the Probabil-
ity of an Output Sequence

Once we have a deformable Markov model for a type of imagined movement, a basic
task is identifying the likelihood that a new data sequence y1, . . . yT was generated
by that model.

We begin by segmenting the new data sequence into K pieces of lengths di, using
the Bottom-Up algorithm described in section 6.2. Each piece is characterized by
a parameter θi.

The likelihood that the segmented data sequence was generated by the model is
calculated using the model parameters determined during the training phase:

p(y1 . . . yT |model) =
∏K
i=1 p(di|si)p(θi|si)

6.5 Producing a Classification

For each testing trial, the algorithm calculates the likelihood that this trial is an
example of imagined movement of each type. This is done by multiplying the
probabilities that the signal recorded by each channel was generated by the model
of imagined movement of that type corresponding to that channel:

p(y1 . . . yT |movementi) =
∏
c∈channels p(y1 . . . yT |modeli,c)

where p(y1 . . . yT |modeli,c) is given by the equation in the previous section.
The test example is labeled as being an example of movement generated by the

model with the highest likelihood:

label = argmaxi{p(y1 . . . yT |movementi)}

6.6 Variations of the Model

Piecewise linear segmentation was given as an example when describing the training
and testing algorithms in sections 6.2, 6.4 and 6.4.1. Performing piecewise linear
segmentation and treating the slope of the regression line fitted through each seg-
ment as a parameter does not summarize the Graz data set well, because the signal
does not vary linearly in time. Another disadvantage of using the slope of a regres-
sion line as a parameter is the high performance cost: regression is computationally
expensive. However, the data can be transformed to obtain easy-to-compute pa-
rameters that summarize the signal well.
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6.6.1 Transforming the Data

Examining the plotted signals, such as the one in figure 5.2, one can observe that
what seems to characterize different segments of the signal is the volatility of the
signal on those segments, and not the slopes of the regression line fitted through
the data points. There are regions of the signal where the difference in voltage
between adjacent data points is very small, and regions for which this difference
is very large. Thus, the initial voltage data is transformed into volatility data, as
described below:

Given the original voltage signal,

y0(1), . . . y0(T + 1),

the transformed volatility signal is:

y(i) = [y0(i+ 1)− y0(i)]2, for i = 1 . . . T

6.6.2 Model 1

The first version of the algorithm uses the deformable Markov model with the
transformed data.

The data is summarized intoK segments, based on the similarity in the volatility
of adjacent data points, using Bottom-Up segmentation. The cost of merging two
adjacent segments si and sj , with data points ystarti , . . . yendi and ystartj , . . . yendj ,
with startj = endi + 1, is:∑endj

t=starti
{y(t)−mean[y(starti : endj)]}2

The deformable Markov model is now formed using the K segments obtained
after performing Bottom-Up segmentation. The parameter θk corresponding to
each state (or segment) in the model is:

θk =

∑endk

t=startk
y(t)

endk−startk+1 ,

the mean of the volatility signal corresponding to segment k.
The duration dk of each segment is simply the length of that segment:

d(k) = endk − startk + 1

The means and variances in the probabilities modeled by the deformable Markov
Model are set in a data-dependent manner, as described in section 6.4.

Once a model has been formed for each channel of the EEG signal, for each type
of imaginary movement, the classification algorithm described in section 6.4.1 is
applied to a testing example. The algorithm finds the likelihood that the signal is
an example of each type of imaginary movement. The testing example is labeled
to be an example of the imaginary movement with the largest likelihood, and the
likelihood is returned as a measure of the confidence in the accuracy.
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6.6.3 Model 2: Dynamic Programming Algorithm for Com-
puting the Most Likely State Sequence

The second version of this algorithm explores using dynamic programming for test-
ing. Training is performed as described for Model 1, to form a model for each type
of imaginary movement.

In order to find the likelihood that a new signal is an example of movement of
a specific type, the new trial is segmented into K pieces in a way that maximizes
the likelihood that the data was generated by this model. In order to maximize the
likelihood that signal y1, . . . yT was generated by a certain model, we use a dynamic
programming algorithm that is an adaptation of a Viterbi-like algorithm presented
in [23]. At each time step t, the algorithm calculates the maximum likelihood that
signal y1 . . . yt was generated by the first i states of the model (i ≤ K).

p̂
(t)
i = maxs{p(s|y1 . . . yt)|s = s1 . . . sj , sj = i}

This is equivalent to finding the most likely segmentation of signal y1, . . . yt into
i segments similar to the first i segments of the model.

The recursive function for calculating p̂(t)
i is:

p̂
(t)
i = maxdi

{p̂(t−di)
i−1 p(di|si)p(yt−di+1 . . . yt|θi)}

The maximum likelihood that time series y1 . . . yT was generated by the model
is p̂(T )

K .
The dynamic programming algorithm is applied to a testing example to find

the maximum likelihood that the signal was generated by each model of imaginary
movement. The testing example is labeled to be an example of the imaginary
movement with the largest maximum likelihood, and the likelihood is returned as
a measure of the confidence in the accuracy.

6.6.4 Model 3

The third version of the algorithm explores using the dynamic programming algo-
rithm described in section 6.6.3 for both training and testing.

In order to build a model for one type of imaginary movement, the first example
of that type of movement is segmented using Bottom-Up segmentation, as in Model
1. For each of the following examples, the data is segmented using the Dynamic
Programming algorithm in section 6.6.3, in the same way the test trials were
segmented for Model 2. The current training example is compared to the model
obtained from all previous examples. Then the parameters obtained using the
dynamic programming segmentation are averaged with the parameters of the model
obtained using all previous examples.

Testing is identical to that of Model 2.

6.6.5 Model 4

In order to give more flexibility to the algorithm, Model 4 allows for segments to
be skipped.

Building a model for one type of imaginary movement begins with segment-
ing the first training example for that movement using Bottom-Up segmentation.
The next training example is segmented using Bottom-Up segmentation, and the
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highest-likelihood common subsequence of the new example and the existing model
is computed. This way, segment j of the new example can be matched with a seg-
ment different from segment j in the existing model. Segments can also be dropped.
The parameters for the matched segments are averaged with those for the existing
model.

During testing, a new example is again segmented using Bottom-Up segmenta-
tion, and the likelihood of the highest-likelihood common subsequence is found for
each type of movement. The model with the highest likelihood is picked as a label.
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Chapter 7

Evaluation Metrics

Experiments and results using the algorithm described in the previous chapter will
be presented in chapter 8. This chapter describes the evaluation metrics used to
measure the performance of the algorithm and to compare it against the perfor-
mance of other approaches.

7.1 Accuracy

Accuracy is the degree of conformity of a measured or calculated quantity to its
actual (true) value. In the context of this thesis, accuracy is calculated as the
percentage of correctly labeled trials (obtained by comparing the labels produced
by the classification algorithm to the true labels) in the testing set.

7.2 Mutual Information

Given an observable process yt consisting of a signal process xt and an additional
noise process et (yt = xt+et), it can be assumed that the signal and noise processes
are distributed normally and are completely independent. Thus:

xt = N(νx, σ2
x)

et = N(µe, σey).

In the case of linearity and independence, the variance σ2 of the process yt is

σ2 = σ2
x + σ2

e

and the signal-to-noise-ratio (SNR) is defined as:

SNR = σ2
x/σ

2
e = σ2

y/σ
2
e − 1.

The entropy H of a Gaussian process is:

H(y) = 0.5 ∗ log2(2πeσ2
y).

The entropy difference between the variability of x and the variability of x given
that it belongs to class c is the maximum mutual information between x and the
class information c:
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I = H(y)−H(y|c)

Written in terms of the signal-to-noise ratio, the maximum mutual information is:

I = 0.5 ∗ log2(1 + SNR) = 0.5 ∗ log2(σ2
y/σ

2
e)

The variance of the noise process σe is the average volatility within classes. The
total variance σ2

y is the variance over all the trials.
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Chapter 8

Experiments and Results

The goal is to provide an analysis system that, using the training set, can provide
continuous feedback in real time, by inferring labels and their probabilities for the
test set. This is why the training and testing algorithms needs to assume that the
data within each set is ordered, and that the order matters. An online algorithm
would use the previously labeled examples to adjust the parameters of its model,
and then attempt to label new examples while updating its parameters. Analyzing
data in order is essential to this kind of adaptation that allows the algorithm to
shift its parameters in time.

8.0.1 Model 3

Because Model 2 segments one training example using Bottom-Up Segmentation
and then segments all subsequent examples so as to maximize the likelihood that
they are similar to the first example, the training trial the algorithm begins with
is important. Because the data is assumed to be ordered, and the subject receives
feedback throughout the experiment, Model 3 uses training trials 40 − 70 instead
of 1− 70 to build a model for each imaginary movement. The training and testing
procedures are identical to those of Model 2.

8.0.2 Model 5

Because the first 4 seconds in a trial are quiet, as stated in the description of the
data set, Model 5 performs the same kind of analysis performed by Model 4, but it
uses only the signal captured between 4s− 9s.

8.0.3 Models 6 and 7

Examining the results of the baseline algorithm [60], it seems that the classification
information for a trial is concentrated between 4s−7s. The Graz algorithm achieves
maximum accuracy at t = 6s. This is why Model 6 uses only the signal captured
between 4s−7s, and Model 7 uses the signal captured between 4s−6s. The analysis
is identical to that of Model 5.
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8.0.4 Model 9

Because Model 8 seemed to produce the highest accuracy for Channel C3, while
Model 6 produced the highest accuracy for Channel C4, and the overall highest
accuracy for the combination of the two channels, Model 9 explores applying Model
8 to Channel C3 and Model 6 to Channel C4 and combining their results based on
the likelihoods obtained for each channel.

The models applied to the Graz task, described in the previous chapter, are sum-
marized in the table below. Bottom-Up refers to the segmentation algorithm de-
scribed in Section 6.2. DP refers to the dynamic programming algorithm of Section
6.5. LCS refers to the algorithm computing the most likely common subsequence
as described in Section 6.7.8.

Model Training Testing Training Examples Signal
Model 1 Bottom-Up DP all 1s-9s
Model 2 DP DP all 1s-9s
Model 3 DP DP 40-70 1s-9s
Model 4 Bottom-Up Bottom-Up all 1s-9s
Model 5 Bottom-Up Bottom-Up all 4s-9s
Model 6 Bottom-Up Bottom-Up all 4s-7s
Model 7 Bottom-Up Bottom-Up all 4s-6s
Model 8 LCS LCS all 4s-7s
Model 9 C3: LCS; C4: Bottom-Up C3: LCS; C4: Bottom-Up all 4s-7s

Table 8.1: Summary of Models

8.1 BCI Competition 2003 Data Set

The results of applying the models above to the Graz task presented at BCI Com-
petition 2003 are summarized in the table below. This table lists the accuracy and
maximum mutual information obtained by using each of the channels individually,
the statistics obtained by multiplying the likelihoods of the two channels.

Model % Acc C3 % Acc C4 % Acc C3+C4 MI C3 MI C4 MI C3+C4
Model 1 65 54 58 0.35 0.11 0.22
Model 2 57 57 62 0.21 0.20 0.31
Model 3 59 55 59 0.23 0.15 0.23
Model 4 57 61 60 0.21 0.30 0.28
Model 5 52 62 53 0.11 0.28 0.11
Model 6 65 75 81 0.35 0.40 0.45
Model 7 66 76 80 0.35 0.40 0.44
Model 8 67 68 79 0.36 0.37 0.43
Model 9 72 75 85 0.39 0.40 0.46

Table 8.2: Classification Accuracy and Mutual Information for Model Variations,
for channels C3, C4, and their combination
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The accuracy and mutual information obtained by using Bottom-Up segmenta-
tion for both training and testing, and analyzing only seconds 4−7 of the signal are
much higher than those of the previous models. The highest accuracy (85%)and mu-
tual information (0.46) were obtained by combining the Bottom-Up segmentation
approach for the training and testing of channel C4, and the most Likely Common
Subsequence for the training and testing of channel C3. These results are better
than those provided by the baseline algorithm, and they are competitive with the
results obtained by other participant in the BCI 2003 Competition.

To test whether training is really necessary or whether a new wave can simply
be compared with the most recent examples of each type of imaginary movement,
a new experiment was performed only on the test set. The examples were assumed
to be ordered in time. Bottom-Up Segmentation was used for the first training
example of each type, to form two models to compare against. Then, each new
training example was segmented using Bottom-Up, and compared against the two
models. The signal was then used as the new model for the wave corresponding
to the type of movement it was an example of. The results are summarized in the
table below:

Channels % Acc
C3 44
C4 67
C3+C4 51

Table 8.3: Classification Accuracy obtained by comparing a new wave with the
most recent examples of that wave for channels C3, C4, and their combination

This algorithm does not perform as well as Models 6 and 9, indicating that
training is necessary for a stable BCI system.

8.2 BCI Competition 2005 Data Set

Model 6 was applied to the data set provided during BCI Competition 2005, for the
signal between t = 4s− 7s, and compared to the baseline algorithm that provided
feedback during the recording sessions. The results are summarized in the table
below:

Subject % Acc
K3 58
K6 45
L1 48

Table 8.4: Classification Accuracy obtained on 2005 Data Set for three subject,
using the best channel described in [61], in order to be able to produce a comparison

Note that for this task, there are four possible classes, so the accuracy expected
by chance is 0.25, not 0.5 as in the previous data set.
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Subject % Acc
K3 64
K6 36
L1 49

Table 8.5: Classification Accuracy obtained on 2005 Data Set for three subject,
using the best combination of 3 channels described in [61], in order to be able to
produce a comparison

8.3 Comparison to Other Algorithms

The results of the algorithm described in this thesis will be compared to the results
of algorithms proposed by competitors in the BCI Competition 2003 [?]. The
results of these algorithms are summarized in the table below, and the approaches
are described in the following subsections.

Group % Accuracy Mutual Information
Graz 83 0.59
Group 1 89 0.61
Group 2 84 0.46
Group 3 83 0.45
Group 4 86 0.44
Group 5 76 0.26
Group 6 83 0.21
Group 7 68 0.09
Group 8 51 0.00

Table 8.6: Classification accuracy and mutual information for the algorithms sub-
mitted during the 2003 BCI competition

8.3.1 Adaptive Autoregressive Parameters and Linear Dis-
criminant Analysis

The reference algorithm that the subject received feedback from used Adaptive
Autoregressive Parameters combined with Linear Discriminant Analysis to produce
a classification and the confidence in that classification.

An adaptive autoregressive (AAR) model describes a signal yt in the following
form [54, 60]:

yt =
p∑
i=1

ai,tyt−i + Et

where, in the ideal case, Et is a purely random or white noise process with mean
zero and variance σ2

E .
The AAR parameters are estimated using Least-Mean Square (LMS), charac-

terized by the following update equations [60]:

Et = yt − a1,t−1yt−1 − . . .− ap,t−pyt−p

47



ai,t = ai,t−1 + cEtyt−i i = 1 . . . p
c = UC/var{Y }

UC is an update coefficient which was chosen to be 0.004. The total power of
the signal var{Y } and the initial AAR parameters, ai,0 were obtained by previous
EEG recordings of the same subject. The model was chosen to have order p = 6.

The AAR parameters were combined with discriminant analysis into one output
parameterD(t) = wTa(t)+w0. The weight vector w and threshold w0 were obtained
by linear discriminant analysis of previous sessions with the same subject.

The maximum mutual information of the algorithm was calculated using D(t).
The accuracy of this algorithm for the data set used in this thesis is 82%, and the
maximum mutual information is 0.59.

8.3.2 Group 1

The best performing algorithm in the 2003 BCI competition was submitted by
Schaefer et al [37].

The data were bandpass filtered using Morlet-Wavelets at the lower and higher
frequency mu-rhythm, centered at 10Hz and 22Hz, respectively.

From the preprocessed training data, a multivariate normal distribution for each
class (left/right) was estimated for every time instance ti, i = 1, . . . , T = 1152.
Furthermore, for every time instance, an upper bound for the Bayes error of the
two probability models was obtained. Using this, a weight function was calculated
according to the following equation:

w(t) = 0.5−BayesError(t)

For online classification at time instance T the decision is based on all previous
time instances t ≤ T using the expectation of the weighted probabilities:

pt(left|y) = Pt(yt|left)
Pt(yt|left)+Pt(yt|right)

DT (left|y1, ..., yT ) =
∑

t≤T
w(t)pt(left|yt)∑

t≤T
w(t)

.

To match the convention that negative (positive) values indicate left (right)
trials, the result was transformed:

D′
T = 0.5−DT

where the magnitude reflects the confidence assigned to the actual decision.

8.3.3 Group 2

Narayana et al developed an algorithm using the Autoregressive Spectrum of the
Signal and Linear Discriminant Analysis.

The AR spectrum for each window of 128 samples with a window shift of one
sample was computed. The spectra were computed for both channels C3 and C4.
The spectrum was divided into four frequency bands and the energy in each band
was computed for both channels. The resulting band energies from channel C4
were divided by the energy of the corresponding frequency band of channel C3.
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This resulted in a four dimensional feature vector. The features were classified
using a Linear Discriminant Analyser (LDA), which used the Mahalanobis distance
measure for classification. This resulted in the classification of the signal at every
sample after an initial delay of 128 samples (or 1 second).

8.3.4 Group 3

Saffari et al developed an algorithm based on Adaptive Autoregressive parameters
and neural networks.

During preprocessing, the signal was filtered using a highpass 8Hz filter. AAR
parameters of order 6 were calculated for both the filtered and original C3 and C4
signals resulting in 12 AAR parameters for each time point.

Neural networks were trained on 2x11 different overlapping time regions of AAR
parameters of filtered and original signals of C3 and C4 as follows: input time range
was 128 samples (1 sec.) sliding 64 samples (500 m) for next network.

During testing, the results of all networks were averaged. The confidence in
classification was calculated as the energy of classification signal up to the last time
point.

8.3.5 Group 4

Gao et al used a Linear Discriminant Analysis based algorithm.
During preprocessing, they selecting the subject-specific frequency band of [10-

12Hz] and filtered the signal with this bandpass filter. Then they computed the
energy of each sample point of channels C3 and C4:

e(t) =
∑n−1
i=0 y(t− i)2

where n is the length of a window. They constructed a feature vector for every trial
and for every sampling point as:

Et = [eC3(t), eC4(t)]T

The classification was produced using linear discriminant analysis (LDA):

Dt = WT c
T ∗ Et + w0

where Dt is a time-varying signed distance function (TSD) whose sign deter-
mines the class and whose absolute value determines the confidence in classification.

8.3.6 Group 5

Rissacher used a complexity algorithm (spectral entropy) for feature extraction and
a feed-forward neural network trained with backpropogation for pattern recognition.
The data considered for pattern recognition at a certain time-sample was that from
the previous 1 second.

8.3.7 Group 6

Zander et al developed an algorithm using AAR parameters and ERD.
AAR parameters were calculated for channels C3 and C4 for each trial. A weight

vector that reflects the difference in ERD between the given classes, was determined

49



using an optimization procedure. For this purpose the time course of the amplitude
of the mu-rythm was estimated by calculating the band power 9-11 Hz in the power
spectrum obtained from the AAR models. This was performed for different choices
of order and update coefficient of the AAR models. Some of the resulting features
were combined to optimize the cross-validation performance of a linear classifier.
For calculating the confidence at time t of a test trial, the trained classifier is applied
to the (incomplete) trial up to and including t and the output is weighted by the
ERD measure described above, and normalized by the intra-class variances (of the
estimated classes).

8.3.8 Group 7

Del Ro Vera used an MLP neural network trained using backpropagation and Prin-
cipal Component Analysis for feature extraction.

Signals are filtered to obtain the Mu rythm which is associated with each signal.
An ERD diagram of each filtered class set is computed in order to obtain the main
features of each channel.

Principal component analysis is computed for each class and each channel, only
for the interval between 4 a 5 seconds. Only the five principal components for each
class and channel are used. This analysis results in 30 different patterns of 128
samples.

After that, signals are divided in windows (only the time period between 4-9
seconds is used ) overlapped 127 samples from the previous (to achieve one classifi-
cation for each sample). The windows obtained from the test signals are correlated
with the ones obtained from the PCA analysis and only the maximum values are
used (the maximum value shows the similarity between the mode and the signal).

This proceeding results in five values for each channel and each class. Each set
of five values are condensed in one.

Resulting were six component vectors for each signal window, 1 for each channel
and each class. These vectors were used to train an MLP backpropagation network
with an inner layer with ten neurons, and the output layer with 24. This neural
network was used to classify the test signals.

8.3.9 Group 8

Mbwana reduced the amount of data points in the training and test set through
decimation. Features from each channel of the data sets were obtained using dis-
criminant pursuit, each channel being analyzed separately. The predicted labels for
the test set were obtained by using Support Vector Machine analysis.

8.3.10 Comparison

Model 9 performs better than the Graz baseline algorithm. It does better than
most participants in the competition, with the exception of the winning algorithm
proposed by Group 1.

8.3.11 BCI 2005 Baseline Algorithm

The results of the baseline algorithm for the second data set are summarized below:
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Subject % Acc
K3 57
K6 47
L1 49

Table 8.7: Classification Accuracy obtained for baseline algorithm on 2005 Data
Set for three subject, using the best channel [61]

Model 6 has a similar performance to that of the baseline algorithm, which
uses Adaptive Autoregressive parameter [61]. This shows that the model is easily
extensible to multi-class tasks.

Subject % Acc
K3 67
K6 39
L1 50

Table 8.8: Classification Accuracy obtained for baseline algorithm on 2005 Data
Set for three subject, using the best combination of 3 channels [61]
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Chapter 9

Analysis and Future Work

The algorithm implemented in this thesis provides a flexible, general-purpose method
to recognize patterns in the EEG data associated with each mental activity. It
is applicable to tasks requiring multi-class classification, and it provides a good
probabilistic framework that determines the confidence in each classification. The
algorithm can work with as little as one example of each class. It is an incremental
algorithm: new examples can be added to the model very easily, by simply av-
eraging the parameters of the existing model with those of the new example. A
weighted average can allow more emphasis to be placed on recent examples, giving
an adaptable algorithm.

An important conclusion is that fairly accurate classification is possible in 2− 3
seconds. Also, reducing the patterns in the signal to examining the volatility of the
signal for a specific segment is enough to provide 85% classification accuracy. The
best performing algorithm is fast, allowing for real-time classification.

Exploring these models contributes to the field because it provides a simple,
new method for recognizing patterns in EEG data associated with specific mental
activities. This method does not exploit features of EEG signals identified by neu-
roscientists and it deviates from the AAR parameter and LDA analysis which seems
to be prevalent in the field.

Comparing Model 9 with some of the other algorithms submitted during BCI
Competition 2003 might be a slightly unfair comparison because a lot of these
algorithms might take advantage of the fact that the subject is adapting to the
Graz algorithm. Indeed, a lot of the proposed algorithms use AAR parameters or
LDA for their analysis.

Better accuracy could be obtained using Models 6 or 9 if the subject received
feedback from these algorithms, instead of the Graz algorithm. Experiments seem
to indicate that subjects adapt significantly to the systems providing feedback.
Model 9 achieved classification accuracy higher than that of the baseline algorithm,
although it did not provide feedback to the subject, and it does not use features or
classifiers similar to that of the baseline algorithm.
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