INTRODUCTION (1)

o Brain-Computer Interface (BC1) has been noted as a new means
of commumnication between the human brain and his
summoundings'"”, The ultimate goal of such a system is 1o allow
people express their thoughts by simply thinking about them

* B docsn’'t read thoughts; but in fact discriminates between the
EEG signals recorded during the performance of different mental
tasks,

» In BC1 systems different mental tasks make a simple alphabet

thraugh which peaple can commumicate with their surroundings

B0 the key to BCL is 1o choose mental tasks with different EEG

signatures.

B is an interdisciplmary field, which needs the collaboration

between many engineering, medical and bicmedical ficlds.

. A Luu\ph.k BCI system consists of many differem subsystems
and units mcllauoumjmg mnu_\mmlalmu feature
B k units.

This work has been focused on the signal processing aspects of a
B syssem, such as noise-cancellation, feaure extraction and
classification.
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1-Database description
* A well known database has been chosen for this
database which meay be regardod as a bench mark for E
has been originally recorded by Keim and Aunon'™™,
® The data base consists of EE s recorded from seven
individuals through six standard EEG channels, during the
performance of five mental tasks. The description of this
datsbase is summarized in table |.
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+ The gaal was to design classifiers for the digeri ion of 2, 3,4
and 5 of these different mental tasks.
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= In order 1o remove the EOG and cye blink antifacts from the EEG
channeks the Independent Companent Analysis was used, which
performs some kind of spatial filtering hetween the recorded
channels™,

* ICA extracts statistically independent and non-Gaussian sources
of signals {5} from a set of recordings ().
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+ ICA assumes that the sources have been linearly superposed with
each other, and estimates the mixing matrix and its inverse
[separating matrix),
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Abstract

INTRODUCTION

Brain-Computer Interface (BCI) has been noted as a new means of communication between the human brain and his
surroundings. BCI may be regarded as an interdisciplinary field, which needs the collaboration of many engineering,
medical and biomedical fields, ranging from Neurology to Biomedical Signal Processing and Pattern Recognition. For
this work we have focused on the classification techniques in BCI systems.

METHODS

A well known data base has been chosen for this project. This data base which may be regarded as a bench mark for
BClI work has been originally recorded by Keirn and Aunon. The data base consists of EEG signals recorded from
seven individuals through six standard EEG channels, during the performance of five mental tasks. Our goal was to
design a classifier for the discrimination of two, three, four and five different tasks.

Many methods of feature extraction were tested and several types of features such as the power densities of different
frequency bands, asymmetry ratios of left and right hemisphere EEG channels, centroid frequencies, Wavelet
coefficients and Principle Components of the EEG channels were |nvest|gated These feature vectors were given to

feature selection algorithms and a few of them were chosen for the

1task. A g Bayes classifier

was chosen for classification. The results were evaluated by the Leave-One-Out method.

RESULTS & DISCUSSION

For the two-class discrimination problem, the mean results of 97.8% Correct Classification (CC) were achieved with a
combination of power density frequency features and asymmetry ratios, with a False Alarm (FA) below 3%. Wavelet
coefficients and Principle Components also gave mean CC results as high as 95.2 and 94.1% respectively.
Meanwhile three-, four-, and five-class discrimination of the mentioned mental tasks was performed with 92.7, 88.7
and 83.4% respectively. Although the classification results of more than two classes may seem quite poor for being
used in a BCI system, but from an Information Theoretical point of view the information transfer rate of a classifier,
discriminating between three, four, and five classes with the mentioned accuracies is nearly the same as a two-class

discriminator, with about 98% accuracy.
CONCLUSION

The results of this project certify the applicability of our methods for the classification of a wide range of mental tasks.
This may be regarded as a key point in the design of real-time BCI systems. It seems that further emphasis should be
put on other parts of a BCI system such as the definition of proper mental tasks and user-friendly interfaces of such

systems.
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DISCUSSION

« From the results of tablc 4 it is apparent that the comect
classification ratio decreases as the number of classes increase.
* This fact was expected by intuition, but the question which arises.

= Answering this question needs & crilerion for uunp.mn,.-l.c e
of multi-class classifica IS,

» In this work the 1o o eriterion has been
wsed, which is an Information 'I‘l| corc| <|lwl|up| a'ml was first
suggested for BC1 applications by Wolpaw ef al '

» Consider:

N different classes, e -..h elass classified comeetly with o
probability g (or CC %
||I\ Mean T -n-.lmn] Informaticn in such a system is:

o Balog

* plog, o (1= el E iy
Bt Trial)
« This concept may graphically be depicted as in figure 8.

* Two feature selection methods were adopted:
Forward-Sequential Feature Sclection:

4- Classification
*  The Quadratic Bayes classifier was used for classification:

DISCUSSION (continued) @

This criterion claims that a system which classifies 2 mental 1sks
with a precision of 95% ransfers as much information as a
lassifier which elassifics 3 mental tasks with 809 procision,

IF we transtir the results of table 4 on figure §, we could compare
the results of multi-class classifiers:

® The results of this figure suggest that increasing the number of
mental tasks may reduce the correct classification rate, bet will
overally, ingrease the mean frasfirred Difirmarion in the system.

METHODS (continued) @

2-Noise Cancellation

» BClsysiems are designed to work in daily environments which
comnam many noises such as the 60Hz electrical-line noise and
antifacts caused by the subject

» The 60Hz clectrical-line noise was simply canceled by a software
notch filter.

® The database was recorded from the subjects with open eyes, so
one of the magor noises of the channcls was the mutual
effet of EOG and eye binks ( figure 2).

+ EOG and eye blinks overlap with the EEG's spectrum, 3o
wraditional spectral filiering meihods can not help,

M ETHODS {continued)

* Twa different ICA approaches were applicd 1o th
order to eliminate the effect of EOG signals from 1
recordings:

First Noise-Cancellation Method
# In the first method all the channels were given to the ICA
algorithm together, and as many sources were extracted (figure
4). Then the sowrce having the most correlation with the EOG
hannel was eliminated by setting zero the coefTicients of the
mixing matrix, comesponding w the ECG sources,

M ETHODS {continued) @

Second Noise-Cancellation Method
* In the secone method every EEG channed was given to the ICA
algorithm together with the EOKG channel (figure $), Then among
the two extracted sources, the one having the most comelation
with the EOG channel was eliminated with a similar method as
the first methed.

noise-cancellation method may be viewed in figure 6.
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3-Feature Extraction
The next stage was the selection and extraction of suitable
features from the de-noised database.

.

-

cach other for the members of each class

ce)

2} Distanced for the members of different classes
{Large Betweon-Class Distance)

« Tn order to find features having these properties, several features
were extracted from the database, and then the best features or
linear transforms of them were selected among the extracted
featusres.

= The features extracted from the database are listed in able 2.

® Principle comporsmis

The listed features were extracted from the whole database and
given b the feature selection unit in order 1o choose the best subset
among them,

RESULTS O)

« The classification results of different mental tasks are summarized
in table 3 & 4,

= Mote that these results wene achieved on the database which was
de-noised using the secomnd noise cancellation method (slide ¥6),

Feature Extraction Method
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® As it is seem in table 3. the best results were achieved with the 5-
band filter bank; thus the classification of more than 2 mental tasks
was performed with these features.

CONCLUSION ()

In this work the discrimination of EEG signals during the
performance of several mental tasks was investigated.

* The goal of this project was 10 serve a8 the signal processang unil of
& Brain-Computer Imerface syaem.

 EOG signals and eye blinks are the major anifacts for EEG signals,
For this reason twa appraaches based on the Independent
wcomponent analysis method were adopted which consaderably
canceled the anifacs” effect.

» Several types of feature exiraction, feature selection, and
classification methods together with a wide range of Features were
tested on the database; the resulis of which was the potable cormect
classification rate of 00%;,

. A-. it was noted through out the previous slides, different mental

more nn,nldl 1asks. For this an Inlommlmn Theoretical concept was
meentioned. which sugpests that systems classifying hetween several
‘mental tasks may transfer more information, even though they
usually decrease the correct chassification rate compared with a 2-
mental task discriminating system.

Thanks for your attention!
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