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Abstract
Brain computer interfaces (BCIs) enable communication between a brain
and a computer, without the need for any motor actions. Electroen-
cephalography (EEG) signals can be used as input for a BCI, but they
need to go through a number of steps in the BCI to create useable
output. One of the most critical steps is the classification algorithm,
which is the step that is investigated in this report. A linear and a
nonlinear Support Vector Machine (SVM), together with a Linear Dis-
criminant Analysis (LDA), are investigated in how well they can handle
session to session performance when classifying EEG data from three
different recording sessions of three different test subjects. The results
show that the average performance of the classifiers are in most cases
similar, slightly above 60 %. The performance of the investigated al-
gorithms differed depending on subject and session. The sometimes
low performance of the classification algorithms may be due to the low
signal-to-noise ratio in the EEG signals, or possibly even due to bad
performance in producing recognizable EEG patterns by the test sub-
jects. The conclusion drawn from the project is that data from different
sessions can vary quite extensively, and in this project it was handled
best by the nonlinear SVM with RBF kernel, with the highest average
classification accuracy.



Referat
Utmaningar med gränssnitt mellan hjärna och dator

Gränssnitt mellan hjärna och dator (BCI) möjliggör kommunikation
utan behovet av någon motorisk rörelse. Elektroencefalografiska (EEG)
signaler kan användas som indata till en BCI, men de behöver genomgå
ett antal steg i BCI:n för att göra om dem till användbar utdata. Ett
av de mest kritiska stegen består av klassifikationsalgoritmen, vilket
är det steg som undersöks i denna rapport. De algoritmer som under-
söks i rapporten är en linjär och en ickelinjär Support Vector Machine
(SVM), tillsammans med en Linear Discriminant Analysis (LDA), för
att undersöka hur väl de kan hantera skillnader i EEG-datan från tre
olika personer och sessioner. Resultaten visar att den genomsnittliga
prestandan på klassifieringen i de flesta fallen är jämlik, strax ovanför
60 %. Prestandan hos de olika klassifieringsalgoritmerna skiljer sig åt
beroende på testperson och session. Den stundtals dåliga prestandan på
klassifieringsalgoritmerna kan bero på den låga signal-till-brus kvoten
som som finns hos EEG-signaler, men det kan möjligen även bero på
dåliga prestationer i framkallandet av EEG-mönster hos testpersonerna.
Slutsatsen som kan dras från projektet är att data från olika sessioner
kan variera ganska mycket, och att i detta projektet hanterades detta
bäst av den ickelinjära SVM:en med RBF-kärna som hade den högsta
genomsnittliga klassifieringsnoggrannheten.
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Chapter 1

Acronyms

• BCI - Brain Computer Interface

• MI - Motor Imagery

• EEG - Electroencephalography

• LDA - Linear Discriminant Analysis

• SVM - Support Vector Machine

• RBF - Radial Basis Function

• ERD - Event Related Desynchronization

• ERS - Event Related Synchronization
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Chapter 2

Introduction

Have you ever thought about communicating something, only by using your mind?
If you have, you are definitely not alone. Interpersonal communication as we know
it today is most common in the form of speech, written text or body language.
However, with the development of new technologies, there has come a new way of
communicating some basic thoughts directly to a device that can perform different
tasks, using your own thoughts as input.

A brain computer interface (BCI) is a system used for analysing brain signals as
input and transforming these into output for external devices, such as a computer,
a wheelchair [1] or a neuroprosthesis [2]. The systems are used to enable commu-
nication without the need for any peripheral muscular activity [3]. This technology
can be used to provide communication capabilities to paralyzed or otherwise dis-
abled people. For example, a BCI can make it possible to maneuver an electrical
wheelchair only by producing a mental imagery of doing so, without the need for
any motor actions [1].

However, until recently this technology has been unattractive for serious scien-
tific studies, being rejected as a fictional and remote area of science [3]. Due to this,
not much research has been conducted in the subject until the past two decades.
The complexity of the brain [4] together with the handling of uncertainty effects
reflected in electroencephalography (EEG) signals and inconsistencies due to varia-
tions in the test subject’s mental focus and interest are some of the key challenges
that exist in BCIs today [3]. For a person with severe amyotrophic lateral scle-
rosis (ALS), the BCI may be the only stable communication channel that can be
used [2]. Therefore, it is important that the system works, even though the brain
patterns, due to for example mood, stress and illness, may differ from one day to
another [1, 5].

The intention of this project is to investigate if there is a problem of EEG
classification in motor imagery (MI) based BCIs when it comes to session to session
generalization. In short, this means that the aim of the project is to investigate
whether or not the brain patterns from a new recording session can be recognised
as belonging to a certain class by using pattern matching on data from past sessions.
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CHAPTER 2. INTRODUCTION

This is interesting because data from older recording sessions is what is used for
setting up classifiers that provide feedback in new online session classification of
data, and the session to session generalisation is what makes it possible to run a
reliable BCI and get usable output.

Previous research has been made in this particular area where one way to im-
prove the classification accuracy is to train the classifier on more than one session.
This approach has been proven to reduce the classification error rate for session to
session classification of MI induced EEG signals [6]. However, this project focuses
on to what extent the EEG patterns differ from one session to another. It also
intends to achieve the best classification accuracy possible when training on single
sessions by choosing appropriate classification methods and parameters for these,
rather than trying to increase the the accuracy by training on multiple sessions.
Moreover, in the project the potential variability in EEG patterns over different
recording sessions are investigated and different classification methods are used to
test the management of the intersession variability.

2.1 Problem Statement
Problems can occur in classification of motor imagery induced EEG patterns, for
example due to poor signal-to-noise ratio in EEG signals [3]. Another problem
which needs to be considered when designing a BCI system is the fact that the
features in the input are non-stationary due to the variations in EEG signals from
one session to another [3]. The aim of this project is to identify an existing method or
algorithm which, compared to others, has a high accuracy in correct classification of
MI induced brain activity patterns. The methods/algorithms that will be examined
in the project are Linear Discriminant Analysis (LDA) together with linear and
nonlinear Support Vector Machines (SVMs). The methods have been chosen as
they are commonly used to classify MI induced EEG data and therefore fitting for
the data that is used in the project. These methods will be used in an attempt to
answer the questions:

• To what extent does motor imagery induced EEG patterns differ from one
session to another, and how big of an impact does this have on the performance
of the BCI?

• Is there a method/algorithm of the ones mentioned above that performs better
in accurate classification of EEG signals from different sessions?

2.2 Background

2.2.1 Brain Activity and Motor Imagery
The human brain can be understood as a complex system or network, in which men-
tal states emerge from the interaction between multiple physical and functional lev-
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2.2. BACKGROUND

Figure 2.1. A division of the human brain into cortical regions [8].

els, creating brain activity. Even though neuroscientific investigators continuously
examines the behaviour of the human brain, there is still a lot to be discovered [7].

The human brain is commonly divided into cortical regions, see Figure 1.1,
depending on what cognitive functions they provide. One such region is the sen-
sorimotor cortex [4]. MI tasks, for example when a test subject is told to imagine
moving either their left or right hand, can cause activity changes over the primary
sensorimotor cortex [9]. The electrical activity that can change due to motor im-
agery are potentials due to synaptic excitations of the dendrites in the neurons, and
these can be measured indirectly for example by using EEG [3].

2.2.2 Electroencephalography (EEG)
EEG is a way of measuring electrical activity in the brain by placing multiple
electrodes on the scalp of the head. An EEG signal is oscillatory in nature and can be
decomposed into different rhythms. These rhythms consist of different frequencies
that can be correlated to various cognitive functions, for example the imagination
of moving a body part. The mental activity from MI can cause an event-related
synchronisation (ERS) or desynchronisation (ERD) in the power of the mu and beta
frequency bands in EEG signals [10]. A desynchronisation implies that the power
decreases during tasks like MI and can for example be seen prior to the imagined
movement of a hand. The opposite is the synchronisation, meaning that the power
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CHAPTER 2. INTRODUCTION

increases, for example during MI, for a specific frequency band. ERS and ERD
have specific properties and spectral characteristics meaning that they will either
show up on a contralateral or ipsilateral side of the brain, contralateral meaning on
the opposite side and ipsilateral on the same side. Research shows that significant
hemispherical differences can be found between the contralateral and the ipsilateral
side when measuring ERS and ERD in the mu and beta frequency bands [11].
Research also shows that for ERD and ERS in the mu frequency band and for
ERD in the beta frequency band there is a clear contralateral ERD dominance and
ipsilateral ERS dominance while ERS in the beta frequency band did not show any
clear dominance on either side when performing MI related tasks [11]. See Figure
1.2 for a visual representation of how ERS and ERD can change during MI.

Research has found a correlation between beta and mu rhythms and MI tasks
[12]. The mu rhythm is in the 8-12 Hz frequency band and the beta rhythm is in
22-29 Hz. Both of these rhythms are components in recorded EEG activity. When
a person imagines moving his left- or right hand/arm, the amplitude and patterns
of the mu and beta rhythms can indicate which hand the person was thinking of
moving. [7, 13]

Figure 2.2. An example of event-related desynchronisation and synchronisation in
EEG data, possibly caused by MI [14].
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Figure 2.3. The commonly used 10-20 system of placement of electrodes on the
human scalp in EEG [15].

As new methods for reading electrical signals from the brain arise they are
categorized into two different main groups: invasive and non-invasive. EEG is a
non-invasive method since the electrodes are placed on the scalp, commonly in the
10-20 system of electrode placement (see Figure 1.3) [15], and not directly on the
brain itself. This is one of the reasons that EEG signals tend to have a lot of
noise in the readings. One example of an invasive method is electrocorticography
(ECoG) which requires the electrodes to be implanted onto the brain. This makes
the signals much clearer and with less noise, but since there is a risk of damaging
the brain tissue, ECoG is not as widely used as the traditional EEG at the moment
for analysing brain signals [13]. The facts that EEG has a relatively low cost, high
portability and is easier to use compared to for example ECoG, has made it the
most widely used signal for input to BCIs [3].

2.2.3 Brain Computer Interfaces

A BCI is a set of hardware and software tools working together, creating a system
that enable people to interact with their surroundings without using any periph-
eral muscular activity. This is made possible through the usage of control signals
generated from brain signals, for example by using EEG signals as input [2, 3].

7



CHAPTER 2. INTRODUCTION

Figure 2.4. The different stages of the data in a BCI [16].

When a BCI system is used, neural activity is acquired from a subject, for exam-
ple by using EEG. The EEG signals supposedly contains brain activity patterns that
can be identified by the system and translated into commands [7]. These signals
traditionally goes through a number of stages (see Figure 1.4) [17]. The stages are
as follows: signal acquisition, where the signals are acquired and noise of signal can
be reduced, followed by preprocessing or signal enhancement which basically means
that the signals are prepared for further processing. Thereafter feature extraction
is performed, where discriminative information in the brain signals that has been
recorded is identified. Once identified, the signal is mapped onto a vector represent-
ing characteristic and discriminative information from the observed signals. This
vector is called the feature vector. When the feature vector has been obtained, it
can be used for classification of the data. Classification is the stage in BCIs where
the new data is analysed and compared with data known to belong to the different
classes. The purpose of classification is to see whether the BCI, by means of the
previously collected data, can draw conclusions of which class the new data belongs
to. Classification is one of the most important stages in BCIs and this means that
the choice and implementation of the method has to be thought through thoroughly.
The aim of the classification algorithm is to automatically estimate the class of data
as represented by the feature vector received in the feature extraction stage [3, 17].

The last stage, namely the control interface, is where the result of a classification
is translated into input for another device. For example, if the subject was supposed
to think about moving his hand to the left and the EEG signals were classified as
left, then the control interface can send input to a computer screen to show a picture
of a ball moving to the left [3].

Neural activity from a test subject is most commonly acquired by having the
subject perform a task of some sort, during which the neural activity signals are
collected. A type of task that is commonly used for analyzing signals corresponding
to MI is for the subject to think of moving his right or left hand/arm. Research shows
that the results for these types of tasks can be improved by means of neurofeedback
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[18]. This feedback is a safe, non-invasive way of improving the results of a BCI
related task by improving the brain activity itself. This can be acquired by the
means of visual feedback, such as displaying different images on a computer screen
when the task is being performed. In a scenario where the subject is prompted to
think about moving his right or left hand/arm, an example of neurofeedback can
be that an object on a monitor is moving in the direction of which the subject is
supposed to imagine moving it [19]. However, there are still a number of difficulties
that needs to be considered when working with BCIs. One of the main difficulties is
poor signal-to-noise ratio in the EEG signals commonly used in BCIs. The signal-
to-noise ratio obtained from EEG signals is in general low, due to the fact that the
signals are measured from outside the scalp and this often generates high levels of
noise in the signals [10]. Another difficulty to bear in mind when working with BCIs
is that the test subject’s state of mind can change. Factors like mood, pain and
quality of sleep may affect the subject’s performance and the acquired signals can
be misleading for the BCI from one session to another [3].

There has been numerous studies conducted trying to investigate the difficulties
and handling of intersession variability in the input data for BCIs. The results have
shown that the variance in the data used in BCIs may be due to intersession or
subject to subject variability, and one suggestion for solving these difficulties is to
use a combination of different classifiers [17].

When obtaining signals for the BCI, different methods can be used. The two
main methods are synchronous- and asynchronous BCIs. Synchronous BCIs analyze
brain signals within certain time windows and only uses this data for examination,
meaning that any signals occurring outside of these time windows are not obtained
and thereby not taken into account. Asynchronous BCIs on the other hand are
analyzing the brain signals over a longer period of time and not only when the
subject is supposed to perform a specific task. This method offers a more natural
mode of human-computer interaction but often require more complex computations
[3].

Even though there are some difficulties when working with BCIs, these systems
can be used by people who have disabilities of different kinds. For example, a
BCI can help a person with motor disabilities to express himself by being able to
construct words out of letters displayed on a computer monitor [2].

2.2.4 Classification

Classification is a way to divide a set of objects into different classes depending on
their characteristics. For example, the EEG signals from motor imagery of moving
the left or right hand/arm can be classified as belonging to either a left or a right
class, depending on the pattern recognition from previous, already known patterns
[2]. In BCIs the classification algorithms are used to identify patterns of brain
activity to be able to distinguish different characteristics for the given data [17].
There are numerous different algorithms that can be used for the classification, and
these can be defined as either:
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Generative or Discriminative

Generative classifiers assigns the feature vector to the labeled class to which it has
the highest probability of belonging. This means that the probability of each class
is computed, whereafter the feature vector is assigned to the one with highest prob-
ability [3]. Discriminative classifiers, such as SVMs, model the posterior possibility
of class labels given the inputs directly. A discriminative classifier can also be used
to create a direct map from inputs to the class labels [20].

Static or Dynamic

During classification, static classifiers cannot take any temporal information, like
time variations, into account since they classify a single feature vector. On the other
hand, dynamic classifiers can classify more than one feature vector and thereby make
use of the temporal information [17].

Stable or Unstable

Stable classifiers are called stable since small variations in the training data does not
affect their performance in any significant way. They also have a low variance, but
can have high bias [17]. Unstable classifiers are more sensitive to small variations
in the training data, which may lead to a higher error rate of classifications from
one session to another. Unstable classifiers on the contrary characteristically have
high variance and low bias. [21].

Problems With Classifiers

Some problems may occur while classifying vectors by pattern matching. There
are a few common problems like “The curse-of-dimensionality” and the “The Bias-
Variance tradeoff”. The first problem means that the amount of data needed to
accurately describe classes increases exponentially to the dimensionality of the fea-
ture vectors. This means that in many cases the “curse” is that the training data is
too small and the dimensionality is too high which in most cases makes the classifier
give poor results [17].

The second problem, “The Bias-Variance tradeoff”, is concerning three possible
sources of classification errors. These are noise, bias and variance, and the aim is to
keep both the bias and the variance low to attain a low rate of classification errors.
However, there is a natural tradeoff in Bias-Variance, meaning that both can not
be low at the same time, making it hard to find a suitable balance for a low rate of
classification errors [17].

2.2.5 Methods for Classifications in EEG BCIs
The algorithms used for classification can be divided into different categories: linear
and nonlinear. Algorithms in these categories work in different ways and have their
own strengths and weaknesses.
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2.2. BACKGROUND

Figure 2.5. The separation of data into two classes using a hyperplane [17].

Linear Classifiers

Linear classifiers are the most commonly used algorithms for BCIs [17]. These al-
gorithms are discriminative and use linear functions to determine different classes.
There are two linear classifiers that stand out and are widely used for BCI appli-
cations, namely LDA and SVM [3, 17]. The main goal for any linear classifier is
to separate the data representing classes by using linear hyperplanes. The class of
a feature vector is then determined by which on side of the hyperplane the vec-
tor ends up. However, these hyperplanes are obtained in different ways depending
on which classification method that is used. For a binary linear classifier the key
concept is to have two classes: yi ∈ {−1, 1} and N labeled training examples:
(x1, y1), ..., (xN , yN ), x ∈ Rd where d is the dimensionality of the feature vector. If
the two classes are linearly separable then an optimal weight vector can be found
to correctly classify the given data [22].

The main goal of LDA is to reduce dimensionality of the feature vector while
preserving as much of the class discriminatory information as possible and by doing
so, being able to obtain a separating hyperplane. The separating hyperplane for
LDA is obtained by seeking the projection that maximize the distance between the
two classes means and minimize the interclass variance. Which class the method
then choose to classify a given vectors as, is depending on which side of the ob-
tained hyperplane the vector ends up, meaning that each side of the hyperplane is
representing one of the two classes [17].

The basic functionality of an SVM is much like the one described in LDA.
The main difference between these two is how the hyperplane(s) are obtained. A
SVM training algorithm seeks to find the optimal hyperplane that maximizes the
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Figure 2.6. The optimal hyperplane obtained by using a SVM for classification of
data [17].

margin of separation of the classifier and the training data [23]. If the classes are
not linearly separable, then a nonlinear SVM or a SVM with soft margin can be
used. A SVM with soft margin is a linear SVM with increased tolerance on the
hyperplane that allows for samples that might be mislabeled, which might be the
case if the data is not clearly linearly separable. The purpose of the soft margin
parameter, also known as C parameter, is to obtain a separating hyperplane in the
best way possible while tying to avoid being affected by the mislabeled samples to
the maximum extent possible [24]. The main advantages of linear SVMs are the
rapid execution time and the low amount of required parameters, making it easy
to use compared to other, more advanced classification algorithms [22]. For a more
detailed description of the functionality of the described linear classifiers and how
they are used, see the SVM and LDA sections in Method.

Nonlinear Classifiers

Nonlinear classifiers are not as widely used as linear classifiers, for example due to
the fact that they are generally not as fast as the linear ones. This is one reason why
it is more common to use linear classifiers for real-time BCIs, but with improved
computational power nonlinear classifiers can be almost as fast and useable for these
types of tasks. Nonlinear classifiers create nonlinear decision boundaries and can
be generative, which is what really makes them different from linear classifiers [17].
Research shows that even though nonlinear methods for BCIs are not as widely used
they can in some applications provide better results than linear ones, particularly
with complex or other very large data sets [25]. A SVM can be configured into
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being nonlinear by using a kernel function, which can be used if the feature vector
contains nonlinearly separable classes. The kernel that is most commonly used in
the field of BCIs is the Gaussian or Radial Basis Function (RBF). However, one
must be aware that the execution time for nonlinar SVMs can be very large if the
data contains a lot of training samples [22]. For a more detailed description of the
functionality of the RBF kernel function and how it is used, see the SVM section
in Method.

It is also worth noting that it is possible to customize a BCI by using a combi-
nation of different classifiers if desired.
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Chapter 3

Method

3.1 EEG Data

The patterns analysed in the project are MI induced EEG patterns coming from
three different test subjects and from three different sessions for each subject. The
data was recorded for another research project, investigating the design and on-line
evaluation of type-2 fuzzy logic system-based framework for handling uncertainties
in BCI classification by Herman et al [26]. The objective of the tests was for the
subject to, during short time periods, either think about moving the right or left
hand/arm, creating two possible classifications of the data from a trial in the BCI.

The test data is from the bipolar C3 and C4 channels in the 10-20 system of
electrode placement on the scalp of the test subject (see Figure 1.3). In each session
the person was placed in front of a computer screen and was for every trial given
visual feedback on the screen. Every trial was seven seconds long and consisted
of the subject performing either left or right hand/arm movement imagination,
without any actual muscular activity taking place. During the last four seconds of
the seven second trial the subject was given visual feedback in the form of a ball
falling from the top of the screen. The person was supposed to imagine moving the
ball to a red square in the bottom of the screen, placed on the right or the left hand
side. Depending on the left or right placement of the red square the test subject
was to imagine moving their left or right hand/arm. The data recorded consists of
a different number of trials in each session with approximately 50 % of each class
being tested in every session.

The data has been preprocessed by the supervisor, Pawel Herman, and is rep-
resented in terms of spectro-temporal features. The most relevant interval between
three and seven seconds in the test has been cut out, and with 125 samples per
second this amounts to 500 samples per electrode per trial. The signals were sub-
jects to spatio-temporal analysis for feature extraction. Narrow-band signal power
was extracted for short time periods and as a results, at each time period the sig-
nal is represented by four numbers. These four numbers represent the power of
the signal in two different frequency bands, namely mu and beta, in the C3 and
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C4 electrodes. After this processing each trial was divided into 85 time windows,
which led to a spectral representation in the form of a 4 × 85 matrix. The data
from each trial is stored in these matrices and for every session there is an array
containing the labels for what direction the test subject was supposed to imagine
moving the ball in each trial. This label array is used when calculating the number
of correct classifications made by the algorithms in the classification of the data.
In this project the performance of the different classification methods is measured
using the classification accuracy, which is defined as the number of classifications
being equal to the data labels, divided by the total number of classifications made.
The classification accuracy in intersession classification is the one in the time slice
with the highest performance.

3.2 Classification of the EEG Data

In this project Matlab is used as the tool for all calculations. All EEG data is
normalised using the standard score, adjusting the data in each column using:

z = x− µ
σ

(3.1)

where z is the normalised value, x is the value before normalization, µ is the mean
value and σ is the standard deviation of the data in each column. The µ and σ
values for the first sessions of each subject is later used for normalisation of the data
in later sessions, simulating the fact that it is not normal to have the mean and
standard deviation values of the new data when performing classification on EEG
data from a new session.

The data from the first and second session of each subject is used in a cross-
validation scheme to test the number of correct classifications in each time slice.
The classification is performed in every time slice by building up time slice matrices,
containing the EEG data from the same time slice of every trial for an entire session.
In the time slice matrices the data from each time slice is placed in rows containing
four columns corresponding to the C3 and C4 channels with the mu and beta
frequencies.

In the cross-validation the data in the different time slice matrices is divided into
four evenly divided data sets. After this the divided data is used in four different
ways, choosing each data set for classification once and training the classifier on
the remaining data sets. The classification is done in each cross-validation for each
time-slice and is compared with the actual labels for each trial and an average
percentage of correct classifications in each time slice is calculated.

The time slice with the highest classification accuracy in the cross validation
is used for training the classifier. This classifier is used to classify the data in the
different time slices from later sessions, using one of the chosen algorithms described
below. This method is described in Figure 2.1
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Figure 3.1. An illustration of how the different sessions for each test subject are
used for training and testing the classifiers.

3.2.1 Support Vector Machine (SVM)
For the first classification of the EEG data a SVM is used, both as a linear classifier
and also as a nonlinear classifier by using a kernel function. Methods from the
statistical toolbox in Matlab are used for performing the classification using a linear
and a nonlinear SVM. To be able to use a linear SVM, it is assumed that the data
is linearly separable, which means that there exists some linear hyperplane which
perfectly separates the data. This hyperplane is defined as:

w · x+ b = 0 (3.2)

where w is a weight vector, x is the feature vector and b is a bias term which is
estimated from the given training samples [27]. Assuming that the data is linearly
separable means that there exists a set w and b, such that the constraints described
below are fulfilled given that the classes have the labels +1 and −1:

w · xi + b ≥ +1 ∀yi = +1 (3.3)

w · xi + b ≤ −1 ∀yi = −1 (3.4)

or as a combination:
yi(w · xi + b) ≥ 1 ∀i (3.5)

The SVM training algorithm obtains the hyperplane which maximizes the separa-
tion margin of the classifier using support vectors. The support vectors are the
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vectors that lie closest to the hyperplane on each side and are the vectors that sat-
isfy equations (2.3) and (2.4) exactly. The margin of the hyperplane is the distance
between the positive and negative samples that lie closest to the hyperplane on their
respective side. The distance between the samples and the hyperplane is defined as:

1
||w|| , meaning that the margin of the hyperplane is defined as 2

||w|| . The margin of
the hyperplane can thereby be maximized by minimizing ||w|| [23]. The problem of
training the SVM can now be described as: find the weight vector w and the bias
term b which returns a hyperplane that classifies the training data correctly. The al-
gorithm solves this by reformulating the problem into the Lagrangian optimization
problem described as:

L = 1
2 ||w|| −

n∑
i=1

αi(yi(w · xi + b)− 1) (3.6)

where αi is the nonnegative Lagrangian multiplier.
Once the training algorithm have solved the optimization problem, the obtained
data can be used to classify another set of samples as long as the new set contains
just the same amount of features as the set used for training the classifier.

To explore the linear separability of the data, a soft margin variable C is in-
troduced to the SVM and for all SVM training the tested values for C is between
0.1 to 100, as they are common values to use in a SVM classifier. The soft margin
parameter is applied to the equation (2.5) in the following way:

yi(w · xi + b) ≥ 1− C, C ≥ 0 (3.7)

making the classifier more tolerant to any mislabeled samples. The results for
the different individual subjects can have different optimal values for the soft margin
parameter and it is therefore tested with different values. This approach is used
because the data may not be linearly separable.

By supplying a third parameter to the SVM, a nonlinear classifier can be created.
This third parameter is in the form of a kernel function, namely the RBF, which
makes it possible to classify data which is not linearly separable. The kernel function
known as RBF can be defined as:

K(x, y) = exp

(
−||x− y||2

2σ2

)
(3.8)

which can separate nonlinear data by finding a number of support vectors to set
up the nonlinear hyperplane. x and y are vectors and σ is a free parameter which
can be chosen to further tune the kernel function. The σ is in the project set to
values from 0.1 to 3, to test how it affects the results, as these are common values
to test with a RBF kernel. This kernel function is used in combination with the
soft margin parameter to achieve the highest classification accuracy possible.
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3.2.2 Linear Discriminant Analysis (LDA)
The second method used for classification of the data is LDA, using an algorithm
written by Will Dwinell and Deniz Sevis on Matlab Central [28]. For a sample x
and a given discriminant function g(x), in this case Fisher’s LDA, it can be decided
if x belongs to one class or another, depending on which side of the hyperplane
the vector is found. A discriminant function that is a linear combination of the
components of x can be written as:

g(x) = wT ∗ x+ w0 (3.9)

where x is a matrix consisting of n feature vectors, w is the weight vector and
w0 is the threshold weight. The weight vector w is calculated as:

w =
−1∑
C

(µ2 − µ1) (3.10)

where µi is the mean value of class i from C classes and
∑

C = 1
2(
∑

1 +
∑

2) is
the common covariance matrix. The covariance and the mean are calculated as:

∑
= 1
n− 1

n∑
i=1

(xi − µ)(xi − µ)T (3.11)

µ = 1
n

n∑
i=1

xi (3.12)

The hyperplane is defined as g(x) = 0 and all x where g(x) > 0 belong to one
class and all x where g(x) < 0 belong to another, meaning that they end up on
different sides of the obtained hyperplane [3, 17]. When LDA has been performed,
it returns the obtained hyperplane along with the vectors, which then is compared
to the given class labels to determine the correct number of classifications. The
purpose of the classification is in other words to find a good predictor for any of
the two given classes of any given sample which has the same distribution as the
sample used for training. It is worth noting that this sample does not necessarily
has to be from the training set, so as long as the sample has the same distribution,
it is possible to perform classification on for example, a set of test samples.
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Chapter 4

Result

4.1 Cross-validation Using Linear SVM

The results for the first session of subject 1 and subject 2 can be seen as a plot over
the time slices in Figure 3.1 and Figure 3.2. The results from all the cross-validations
of the training data using a linear SVM are displayed in Table 3.1.

Figure 4.1. A plot displaying the highest percentage of correct classifications for
the first test subject, first session, was achieved where the straight lines cross in the
plot, in time slice 65 where 71 % of the classifications of the data were correct.
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Figure 4.2. The highest percentage of correct classifications for the second test
subject, first session, was achieved where the straight lines cross in the plot, in time
slice 32 where 72 % of the classifications of the data were correct.

Session Subject 1 Subject 2 Subject 3
1 Time slice 65: 71 % Time slice 32: 72 % Time slice 33: 62 %
2 Time slice 36: 64 % Time slice 45: 79 % Time slice 30: 63 %

Table 4.1. The best time slice and its percentage of correct classifications in the
cross validation for the first and second session of each test subject.

4.2 Classification Results
The soft margin parameter, C, improved the classification accuracy for the SVMs
when set to 0.1 − 2, depending on session and subject. The σ parameter for the
nonlinear SVM improved the classification results when set to values from 0.1 to 3,
depending on session and subject. Other values on these parameters either did not
change the results or decreased the classification accuracy. The results displayed
in Table 3.2 show the performance of the different classification algorithms when
training on the data from the first session, using the time slice from the cross
validation of the training data. Three example plots of the performance of the
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classification using SVMs and LDA can be seen in Figure 3.3-3.5. The average
performance of the different classification methods is very similar, but the SVM
with RBF kernel is the one with the highest classification accuracy.

Figure 4.3. The percentage of correct classifications for the second test subject,
using the linear SVM, in each time slice when training on the data from the first
session and classifying the data from the second session.
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Figure 4.4. The percentage of correct classifications for the second test subject,
using the LDA algorithm, in each time slice when training on the data from the first
session and classifying the data from the second session.
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Figure 4.5. The percentage of correct classifications for the second test subject,
using the nonlinear SVM with RBF kernel, in each time slice when training on the
data from the first session and classifying the data from the second session.

Method Subj 1 Subj 2 Subj 3 Avg Std
Linear SVM 61 % 77 % 56 % 65 % 11
LDA 61 % 76 % 54 % 64 % 8
SVM with RBF kernel 61 % 74 % 63 % 66 % 7

Table 4.2. The table displays the correct classification percentage when training on
the data from the first session and chosen time slice from cross-validation, classifying
the data in the second session. The table also contains the average classification accu-
racy for all the tested algorithms along with the standard deviation for the different
results.

The results for classification when training on the data from the first session
and classifying the data from the third session are displayed in Table 3.3. Three
example plots of the performance of the classification using SVMs and LDA can be
seen in Figure 3.6-3.8. Also for this data the average performance of the different
classification methods is very similar, but the SVM with RBF kernel is the one with
the highest classification accuracy.
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Figure 4.6. The percentage of correct classifications for the second test subject,
using the linear SVM, in each time slice when training on the data from the first
session and classifying the data from the third session.
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Figure 4.7. The percentage of correct classifications for the second test subject,
using the LDA algorithm, in each time slice when training on the data from the first
session and classifying the data from the third session.
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Figure 4.8. The percentage of correct classifications for the second test subject,
using the nonlinear SVM with RBF kernel, in each time slice when training on the
data from the first session and classifying the data from the third session.

Method Subj 1 Subj 2 Subj 3 Avg Std
Linear SVM 56 % 65 % 58 % 60 % 5
LDA 55 % 60 % 59 % 58 % 3
SVM with RBF kernel 62 % 63 % 61 % 62 % 1

Table 4.3. The table displays the correct classification percentage when training on
the data from the first session and chosen time slice from cross-validation, classifying
the data in the third session. The table also contains the average classification accu-
racy for all the tested algorithms along with the standard deviation for the different
results.

Table 3.4 displays the results for the different algorithms when training on ses-
sion 2 and classfying the data in session 3. Three example plots of the performance
of the classification using SVMs and LDA can be seen in Figure 3.9-3.11. Also
for this data the average performance of the different classification methods is very
similar, but the SVM with RBF kernel is the one with the highest classification
accuracy.
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Figure 4.9. The percentage of correct classifications for the second test subject,
using the linear SVM, in each time slice when training on the data from the second
session and classifying the data from the third session.

29



CHAPTER 4. RESULT

Figure 4.10. The percentage of correct classifications for the second test subject,
using the LDA algorithm, in each time slice when training on the data from the
second session and classifying the data from the third session.
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Figure 4.11. The percentage of correct classifications for the second test subject,
using the nonlinear SVM with RBF kernel, in each time slice when training on the
data from the second session and classifying the data from the third session.

Method Subj 1 Subj 2 Subj 3 Avg Std
Linear SVM 58 % 68 % 57 % 61 % 6
LDA 61 % 68 % 60 % 63 % 4
SVM with RBF kernel 69 % 68 % 60 % 66 % 5

Table 4.4. The table displays the correct classification percentage when training on
the data from the second session and chosen time slice from cross-validation, classi-
fying the data in the third session. The table also contains the average classification
accuracy for all the tested algorithms along with the standard deviation for the dif-
ferent results.

The results show that the nonlinear SVM with the RBF kernel had the highest
classification accuracy in all three ways of choosing the training and classification
data. However, all three methods performed similarly on the classification of the
data.
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Chapter 5

Discussion and Conclusion

5.1 Intersession Variability of MI-induced EEG Data
The American author Henry Adams once said that ”Chaos was the law of nature;
Order was the dream of man”. This historical quote describes the problems and goals
for scientists in the BCI area of science rather well. There is, and will possibly always
exist at least some chaos in the form of variability in EEG data recordings. Most
research in BCIs mentioned previously in this report has come to the conclusion
that there exists a natural variability in EEG, both within a single session and over
different recording sessions. This variability can be thought of as the chaos that
scientists wish to order to transform for example MI-induced EEG data into usable
input for a computer.

Figure 5.1. A straight line, able to separate the two different circle sample classes.

In this project a quite small data set was used, making it hard to draw any
general conclusions from the results as they may rely on variations between the
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performance of, for example, the few test subjects and their sessions. However, in
the small data set used it can be noticed that MI induced EEG patterns can differ
both within one session and from one session to another. In case they did not differ
at all, all data from the two different MI classes, left and right hand/arm movement
imagination, would probably be more linearly separable, see Figure 4.1. If this
was the case, the classification accuracy would probably be higher than the actual
results. The reasons for this variability in the data collected from the test subjects
can be many. For example, already in the data recordings there are problems with
the signal-to-noise ratio in EEG, and this ratio may be one source of the variability.
Another, possible source of the variability in the EEG data is the test person himself.
The test person can for example feel mood changes, stress and illness during or in
between sessions, and this may cause differences in the EEG patterns [1, 5].

The conclusion which can be drawn from this is that MI induced EEG patterns
can differ to a quite large extent from one session to another and that it is hard
to change this since it is in the nature of the signals. To handle this variability in
the EEG data for use in for example BCIs, the algorithms for filtering out useful
features and the classification algorithms need to have good performance.

5.2 Classification Algorithm Performance

For most problems that exist in the world there are different solutions, and this is
also the case with the classification of data in a BCI. There are numerous algorithms
for classification of EEG data, all performing differently on different subjects and
sessions. For example, if the data collected from one test person is not linearly
separable, a linear classifier will perhaps not perform as well as a nonlinear one.
The SVM and LDA algorithms investigated in this project are commonly used in
classification of MI induced EEG data and it was therefore interesting to see how
well they performed in classification accuracy on the chosen data set for the project.
Also in this case the limited amount of data used in the project makes it hard to come
to any general conclusions from the performance results of the different algorithms.
However, it is possible to draw the conclusion that the data set used in this project
may not have been linearly separable, which can be the reason why the nonlinear
classifier had the highest classification accuracy.

So, is there a method/algorithm of the ones investigated that performs better
in accurate classification of EEG signals from different sessions, with the limited
amount of data used in the project? The perhaps naive conclusion that can be
drawn in this project is; Yes, the nonlinear SVM with RBF kernel. However, the
limited amount of data used in the analysis makes it almost impossible to draw any
general conclusions regarding the performance of the different methods on interses-
sion classification. It is possible to see trends in the average classification accuracy,
where the nonlinear SVM with RBF kernel is the one with the highest numbers in
all three tests, but to be certain that any method has a higher classification accuracy
compared to the others the methods/algorithms need to be tested with significantly
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more data.

5.3 General Discussion
The communication barriers that can be broken by the introduction of BCIs for
commercial use are many. A BCI can make it possible to communicate thoughts
in ways that were unthinkable just a couple of decades ago. Not only can the
technology be used for entertainment, such as for games, but it can also be used as
vital support for example to people with muscular impairment. For these people
it can be extremely important that the BCI, which perhaps controls the only form
of communication available for them, works accurately all the time. The dream for
scientists in the area is probably that the functionality should work every day of the
year and every minute of the day, no matter if the person is tired, angry or perhaps
not even fully concentrated on the imagery task. For this to work properly there
are plenty of parts in the field of BCIs that need to be improved, and the question
is; Is it possible to actually make BCIs usable in the everyday life?

No matter if BCIs improve from now they are probably still useful for people
that can not communicate in any other way. But how about BCIs for commercial
use; Will it ever be useful for everyone? Perhaps the signal-to-noise ratio in EEG
data makes it too hard to accurately classify the data? Perhaps the session to session
variability is too hard to manage in a BCI for everyday usage? These questions can
most likely be fully answered by conducting even more research in the area, but
only time can tell.
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