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PE3UME

Pano3nanocT je jeaHa 01 OCHOBHHX OJJIMKA CBAKOT YOBEKa. PazyMeBame CI0KEHUX TT0jMOBa
U HJeja KoJ 4oBeKa cTBapa ocehaj 3a710BOJbCTBAa M JIOCTUTHYha KOjU ce HE MOXKE MOPEIUTH ca
MHOTO Jpyrux ocehaja. Mucrepuje Temke 3a pasyMeBame, ali HE M HeMoryhe, y CB0jOj CpXKHU Cy
Hajuemthe o HamMa caMUMa: Kako CMO HacTalld, LITa MPeACcTaB/baMo, KaKo Halll yM (yHKIHUOHHUIIE?
OBo mocnenme MUTake WHTPUTHPANIO je HAyYHWKE BEKOBHMA, M JIONIIO jé BPeMe Ja CMO Y
MoryhHOCTH 11a, 10 oapeheHe Tauke, CXBAaTUMO MPUPOAY YOBEYjer MO3ra U MCKOPUCTHMO HETOBE
(dbyHKIIHMj€e Ha MOTITYHO HOBH HAYHWH.

3a najeehu 1e0 oBOr HampeTKa 3aciy:KaH je mpoHanaszak enekrpoennedanorpaduje (EED),
TEeXHUKE KOja OeNexXu elNeKTPUYHY aKTMBHOCT Mo3ra. OHa HaMm je MpyXuiia yBHJI y paj doBeyjer
Mosra. Mako jomr yBek He MOXXEMO MOTHYHO pa3yMeTH CBOj YM YyCIeNl BberoBe ciokeHoctu, EEI
HaMm oMoryhaBa Jja cakynmuMo KOpHuCHEe HH(popMaluje Koje cy BPeMEHOM Ouiie JOBOJbHE Ja Hac
JOBey /0 NpOHAlacka IMPBHX CHCTEMa 3a MHTEPAaKIWjy u3Mel)y 4oBeka M padyHapa HyTeM
moxnanux curnana (ewe. Brain-Computer Interface, BEI Osa texnonormja, koja ce ociama Ha
EEI' curname, naHac MoOXke Ja c€ KOPUCTH Ja OMOTyhHM TaIMjeHTHMa Yy IO0OAMAaKjo] ¢dazu
amuorpodpuuHe natepainHe ckiepoze (AJIC) ma komyHHIMpajy, NPYXKU NalMjeHTHMA KOjU Cy
JO’)KUBEJIM MOXKIaHHM yAap CPeICcTBa KojuMma OW MOTEHIMjaTHO MOBpAaTHIIM U3ryOJbeHe (pyHKIH]e,
WM 9aK MOK€ OUTH KOMEpLHjaTHO KopHITheHa Yy MPOU3BOIIBH pauyHAPCKUX Urapa.

Jenna on Haj3HauYajHUjUX MapagurMu koje ce kopucre y BCIl cucremuma je 3amunubame
MOKpeTa, OAHOCHO MEHTAIHU NpOILEC Yy KOME IOjefnHAN CUMyIupa 3amaty paamy. OBa pamma
MOJKE Ha NMpUMep OUTH MOKpET JeBe WIN JIeCHEe pyKe, KOju 3a moTpede KOHTPOJIe pauyHapa MmyTeM
BCI cucrema, Mmopa Outu nerekToBaH W kiacudukoBaH kao TakaB u3 EEI' curnana. Ilpenusna
KiIacu(ukanyja OBUX KOPTUKAJIHMX CHUTHAla y BEJIMKOj MEpHU 3aBUCH Off (PEKBEHLHUjCKE U
npoctopHe huntpupanuje, anu u ox camor EEI" Mmepema u mapagurme kKoja ce y Ty CBpXY KOPUCTH.
VY oBoM pagy akueHar he OMTH ynpaBo Ha MeToJama KOjUMa ce MpOLeHAT TayHe KJacH(HKaiuje
Moxe noehatu, kako COPTBEPCKUM, TAaKO U XapIBEPCKHUM.

O63upom Ha TO na je Bucok kBanureT EEIT 3ammca Beoma BakaH TPEmycCiiOB IpPEIM3HE
knacudukanyje, y TpBOM Jely pajga MpeUioKeHa je pealucTUYHa BHU3yeldHa IOBpaTHA
nndopmanuja Tokom EEI cecuje kopucauky cuctema. OBa nHpopmaiigja je y o0JuKy podoTa Koju
M3pIIaBa KOPHCHUKOB 3aMHMILBeHM TOKpeT. IlocToje Teopujcke OcCHOBe, naTe y MPETXOIHUM
pagoBuMa, TMOMONY KOJUX C€ MOXKE 3aKJbYYUTH Jla OBakKaB MPUCTYN pe3yiaTyje O0oJboM
kinacuukanujom oa 10 caaa KopumheHuMx noBpaTHUX HHGpopManuja, ycien mnosehama
KOHIICHTpaIlljeé CcaMor KOPHUCHHMKAa Ha meroB 3amatak. OBoM mpoOieMy NPHUCTYIUBEHO je
npBOOMTHO ca co(TBepcKe Tayke TJEIUINTa, MPOTPAMUPABEM HEONMXOJHUX aIlIMKaluja 3a
KOHTpPOJIy MOTOpa poOOTa NyTeM CHUTHaJIa KOJU CE€ CHMYJITaHO CcHHMajy cucreMoMm 3a EEI
aKBU3MUILHK]jy. Y OBY CBpXy KopuiiheHu cy mporpamcku maketu OpenVIiBE u Matlab ere. Matrix
laboratory). Hakon Ttora, po0OoT je XapaBepCKH KOH(UI'YpHCaH TaKO Ja IHErOBH ITOKPETH
OJIrOBapajy 3aMUIILBEHO] pailbl KOPUCHHKA.

VY npyrom neny paaa 6uhe pedn o mocebHo nmonysiapHoj TexHuIM 3a oopany EEI" curnana 3a
notpebe BCI cuctema - CSPmeroau (ere. Common Spatial Patteyrnkao u w0j cpoaHoj meroan
Koja komMOuHyje npocropHe untpe nu3 CSP merone ca ¢pekBenuujckum punrpupamem, CSSSP
(Common Sparse Spatio Spectral Filte)ingporiena ycnemnoctu o6e meroae 6uhe oapalhena y
nporpamckoM je3uky MATLAB a menu pesynaratu he OUTH BHU3yeIM30BaHU M JUCKYTOBAHH.
O063upoM Ha TO Ja C€ y CBOJOj OCHOBH IpoOjeM MeToja 3a onpehuBambe MNPOCTOPHUX H
¢dpekBeHLMjCKUX (UITapa CBOAM HAa ONTHMM3ALMOHE alNroputMme, y paay he OuTH aHamu3umpaH
METOJ H-ErOBOT pellaBama MOMONYy KapaKTepUCTUYHUX BEKTOpa, a Ouhe W MpeacTaBibeH II€0
MaTeMaTHYKH MpopayyH. Y by HajOosbe Kinacupukanuje ouhe yrnopehenu pesynratu qoOHjeHU
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nomohy npocTopHOr ¢uiarpa u moMohy mpocTopHO-(ppeKkBeHIujcKor ¢unTpa U Ouhe mpukasane
BUXO0BE MPeAHOCTH U HemocTaru. O6a anroputMa cy mel)y Hajuenthe KopuimheHuM aaroOpuTMUMA Y
MIPAKCH, TAKO J]a HA OCHOBY aHAJIM3€ U3BPIICHE Y OBOM PajJly MOXKE Jla c€ MPOLEHH Y K0jOj IPUIHLU
Ou Tpebaso Koju OJ] lbUX KOPUCTUTH.

[IpBo mornassbe paga he OUTH YBOJHO U y BlheMy he OUTH pedr 0 HEPBHOM CHCTEMY YOBEKa
u enekrpoeHuedanorpapuju, 1ok he y Ipyrom moriaBjby OWTH NPEACTABJbEHH CHUCTEMH 32
WHTEpaknujy u3Mel)y doBeka W pauyHapa MyTeM MOXJIAHUX CUTHaIAa. Y OBOM TOTJIaBjby Omhe
aHaAJIM3MpaHe MPEeTHOCTH U HEIOCTAIM HEKUX MapaJirMH 33 3aMUIIIJbAE TIOKPETa.

VY tpehem mornaBpy Ouhe ommcana peanm3anuja EEI cecuje ca BH3yenTHOM IMOBpaTHOM
uHpOpMaIMjoM TauujeHTy y oOnmky pobora (ewe. feedback HeomxomHxo mporpamupame H
XapJIBepcKa peliemna MmoTpeOHa 3a OBaKBY CECH]Y.

VY uerBproM moryaBjby he OMTH AeTasbHO objamrmeHe mpoctopHe merone obpaae EEI
CUTHaJia, a TmocebHa mnaxma he Outm moceheHa CSP meronmu um ®Woj OnHMCKO] MeTOoaAH
npocropHodpekBeHimjcke punrpamuje CSSSPOBae he Outn onmucHO MpUKazaHa U pealin3aimja
oba ajgropuTma y mporpamckom jesuky Matlab.

Ileto mormaBibe he campkaTH yHmopenHy aHajdM3y OBa JBa AJrOpUTMa, Kao M ogadup
(dbpekBeHIMjcKor GriITpa KojuM ce 1o0uja Hajooska KiracupuKalja MOK/IaHNX CUTHANA. Y OKBUPY
NeTor morjaBjba Ouhe cymHupaHW pe3ylnTaTH aHaiu3e o0a alroputMa ca CBUM HUXOBUM
cnenuduaHOCTIMA U TIpoOIeMUMa KOje HOCE.

[lecto u ceamo noraaBsbe YMHUNE 3aKJbydaK U CIMCAK KOpHUIITheHe TuTeparype.
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ABSTRACT

It is in basic human nature to be curious. Un@ading complex terms and notions brings
forth the feeling of satisfaction and accomplishinehich can be compared to very few human
sentiments. The mysteries which are hard but ngiogsible to understand more often than not
involve ourselves: how we came into existence, whatare, how our mind works? The last
guestion has intrigued scientists for centuries the time came when we are able to, up to a certai
level, understand our brain and use its functiors completely new manner.

Much of this progress is due to electroencephalgyy (EEG), a technique which records
the brain's electrical activity, which has givenths insight to how our brain works. While we still
cannot understand our mind in its full complexithe EEG has provided us with valuable
information which, with time, was sufficient to as to the invention of the first brain-computer
interface (BCI) systems. This technology, whiche®lon EEG recorded signal, can nowadays be
used to enable patients in a late stage of amyitdateral sclerosis (ALS) or locked-in syndrome
to communicate, provide post stroke patients widans to recover their lost functions or even be
used for entertainment purposes in gaming industry.

One of the most important paradigms used in BGtesys is motor imagery, a mental
process during which an individual simulates a gigetion. This action can for instance be left and
right hand movement, which, for the purposes oftrmdimg some action by means of the BCI
system, must be detected and classified from th€& Elgnal. Accurate classification of these
cortical signals largely relies on spectral andtigpéltering, but also on EEG measurement itself
and the paradigm used during the EEG session.drttiasis both hardware and software methods
which improve classification statistics will be debed.

Considering that the high quality EEG signal igrerequisite for accurate classification, in
the first part of the thesis we propose a realsaal feedback in the form of a robot. In thisea
the role of the robot is to execute the user's ineh task. Based on previous findings, this
approach has more potential for providing excelldassification results then other tested visual
feedbacks, due to an increase of user's focusematk. We programmed the necessary software
for controlling the robot's motors during the EE€&son in OpenVIBE and Matlab programming
packages and the programming process and requitemendescribed in the paper. Afterwards, we
rebuilt the robot so its movements would corresponithe imagined movement of the user.

In the second part of the paper, a particularlpyter and powerful signal processing
technique for EEG-based BClIs called Common Sp&tatterns (CSP) will be discussed and
compared to its novel method which combines théiaddters from CSP with frequency filtering,
Common Sparse Spatio Spectral Pattern (CSSSP).iéMbeal evaluation of these two methods in
the MATLAB programming language, and the resultstiod analyses will be visualized and
discussed. Since the underlying problem of thishwetfor determination of spatial and spectral
fillers comes down to the optimization algorithmage also revised the eigenvector method and
other mathematical solutions. Both of these spéttaling algorithms are among most often used
ones in practice, so the given analysis may offfieinaight to the purpose and circumstances under
which each of them is used.

The first chapter will be introductory, so a humanervous system and
electroencephalography will be discussed, whiletha second chapter BCI systems will be
presented. In this chapter paradigms related toomatagery, as well as their advantages and
disadvantages will be analyzed.

The third chapter will contain the descriptiontbé visual robotic feedback, as well as the
necessary programming and hardware solutions éexiperimental setup.
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In fourth chapter the spatial EEG signal processiethods will be explained in detail, and
particular attention will be dedicated to the CSPBthmnd and its counterpart CSSSP, focused on
spatio-spectral filtering. Here, the implementatminboth of these algorithms in a programming
language MATLAB will be presented.

The fifth chapter contains a comparative analgdisnethods used for obtaining optimal
EEG signals as well as the selection of frequenttgrfbest suited for the most accurate
classification. This chapter will summarize theutesof the analysis of both algorithms.

The sixth and seventh chapter will be a concluaia a list of references, respectively.
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1. INTRODUCTION

In this chapter the physiology of the human braii be presented and the general
background of the human nervous system and braitsasost important part will be described.
We will summarize the important physiological aspen order to better explain the basics of
electroencephalography (EEG). We will also disctiss EEG measurements, as well as the
subsequent signal processing and the applicatioprofessed data. Finally, the aims of the thesis
will be outlined at the end of the chapter.

1.1. Physiological background

Human brain consists of billions of nerve cellalled neurons (Fig 1.1). The role of the
neurons in the human nervous system is transmittieginformation from the place where the
certain event was detected (e.g. sense of toudhjtbrain, and vice versa, to transmit information
from the brain to the places on the periphery (exgpvement initiation). This information is
electrical in nature, in the form of an action pui&l, which stands for a membrane depolarization
under external influence.

Neurons transmit action potential using protéraasported through their membrane. Under
external influences these proteins govern the exgieaof potassium and sodium between the
neurons and the extracellular space, thus chantegolarization of the membrane, creating a
membrane voltage at the place of origin.

From the place of origin the action potential iansferred to the adjacent part of the
membrane by positive ion diffusion along the axawlumne. That part of the axon is then
depolarized as previously excited one is returnestuilibrium. In this manner signal spreads along
the axon of the excited neurons.

Dendrite

Node of Ranvier

Schwann cell

Figure 1.1. Neuron and its components

Transferring the signal from the axon of one d¢ellthe dendrite of another occurs via
synapses, the links between the neurons, due ttatkeof continuity between the cytoplasm of
nerve cells. When the electrical stimulation reactne end of an axon of one neuron it triggers the
chemical reaction releasing the neurotransmitteas fthe excited neuron into the synapse. The
neurotransmitters then diffuse across the synaftar. entering the dendrite of postsynaptic neuron
(which holds the receptors on the cell membraney tienerate an action potential in this cell [4].
Travelling through neurons and synapses, the agiaential which originated at the periphery

10
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reaches the spine and from there it can eitherecauseflex reaction, sending another ac

potential towards the periphery in response ti one that was receivedy it can travel along the
spinal cord and reach the body's main processiitgtha brain

The number of neurons in the brain varies dramiftidaom species to species. O
estimate puts the human brain at about 100 bilid*") neurons and 100illion (10'%) synapses
[7]. The human brain hafeatures which provide higher functions then mdsthe other anime
brains. Among other things, this is due to thetexise 0 an extremely developecerebral cortex.
In humans the cerebral cortexso large that it overshadows every other pathefbrair It is a
sheet of neural tissue, folded in a way that allewarge surface area to fit within the confine:
the skull. When unfolded, each cerebral hemisphasea total surface area oout 0.12 M[8].

The cerebral cortex is nearly symmetr. Left and righthemispheres a mirror images of
each other, and each is responsible for the fumetad the side of the body opposite t. Each
hemisphere is conventionally divided irfour lobes: the frontal lobgaarietal lob, occipital lobe,
and temporal lobe (Fig 1.2Pivision into lobes does not derive from structure of the corte
itself, instead the lobes are named after the bones dfkilé that overlie them, the frontal bor

parietal bone, temporal bone, and occipital I. The borders between lobes lie beneattsutures
that link the skull bones togeth

L1
=
Frontal Parietal 5 20 % 3 -
- 4 52% 7 512
- % > % 5 F
Occipital % ‘%ﬁ =
e 5
(7 , ,-"‘1| [
4, I m
Neu;( ° /‘\ L §
rQW _ [
Eye < \ Toes
.
Face |, / E
*.Jemporal Lips } :
Jaw Primary
4 _ motor
Tongue . ~Xgridy cortex
swallowing g’ 84
Figure 1.2.Brain lobe: Figure 1.3 Motor homuncul

With the exception of the occipital lobe, a smakaathat is entirely dedicated to visi
each of the lobes contains a variety of brain atkashave minimal functional relationship. T
parietal lobecontains areas involved visuospatial tasks, iteding hand reaching, grasping, ¢
and attention orienting, mental rotation, and spatiorking memory, buit's also in charge of
mental calculation andhonological word processing . The temporal lobe controls auditory
visual memories, languagand some hearing and spe [4]. The main functions of the frontal lol

are to control attention, abstract thinkitbehavior problem solving tasks, physical reactions
personality [10].

In the place Were frontal and parietal lobes mr, along thefold in the cortex called th
central sulcusis the functional region called the sensorimotorteda The motor centers are
located here, controlling all the motor activitiaed movements, but can also be activatec
movement imaginatiorPrimary mdor cortex, a strip of tissue running along thetpoasr portion

of the frontal lobe works in association with other motor areas aedemal subcortical brai
regions, to plan and executese movement

11
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Primary motor cortex contains a group of largeraes known as Betz cells. Betz cells,
along with other cortical neurons, send long axdogn the spinal cord to the synapse located
there. From here the electrical stimulus travel®ugh the interneuron circuitry in spine to the
dendrites of alpha motor neurons in the spinal edrith connect to the muscles.

The primary motor cortex can be pictured as amaugp of the body, where different body
parts specify which region of motor cortex they aomtrolled by. These regions are functionally
partially overlapping in nature but roughly they @rranged from the toe which is controlled by top
of the cerebral hemisphere, to mouth controlledthsy bottom region of the hemisphere. Each
cerebral hemisphere contains a map that controislyrthe opposite side of the body. This map is
called the homunculus (Fig 1.3). This model is esdky useful in estimation of activated brain
areas during the EEG measurements.

1.2. Electroencephal ography

As was already mentioned, neurons are constartijamging ions with the extracellular
milieu, for example to maintain resting potenti@dato propagate action potentials. Therefore,
neurons possess specific electrical property wialtbws them to produce electrical fields of
various strengths depending on their activity. Ehigslds may be recorded by means of electrodes
at cortical surface or the patient's scalp. Ele®soare placed on the necessary places on the scalp
and by measuring the difference in potentials io places the EEG signal is formed.

1.2.1. EEG history

The first attempt at the electrical activity ofettbrain made a physician Richard Caton
(1842-1926). Due to his profound interest in elguitryysiological phenomena he received a grant
from the British Medical Association to explore eeral hemispheres of rabbits and monkeys. In
his research Caton found that "feeble currentsaofimg direction pass through the multiplier when
the electrodes are placed on two points of thereakesurface”. This sentence is considered as the
first step in electroencephalography. [3]

Since then and up until the World War [, there hddpeen constant contributions to this
branch from Eastern Europe. In 1890, Polish phggist Adolf Beck published an investigation of
spontaneous electrical activity of the brain ofhitdand dogs that included rhythmic oscillations
altered by light. Two Russian physiologists madehter studies along these lines: Pavel Yurevich
Kaufman (1877-1951) and Vladimir Vladimirovich Pdieh-Neminsky (1879-1952). Neminsky
began recording brain activity of the animals irl2%vith the galvanometer. His recordings were
the first pictorial demonstration of EEG. Among ethRussian neuroscientists who followed a
similar path the most eminent was Vladimir Bechte(#857-1927). However, when the Nobel
Prize was awarded to Ivan Petrovich Pavlov forgaidy work on conditioned reflexes, all the work
done by Bechterev was overshadowed and with ieti@ll neurophysiology progress in Russia.

When the electroencephalographic research wembaldrin Eastern Europe, the Central
Europe started flourishing. In 1924 German phygjisioand psychiatrist Hans Berger (1873-1941)
recorded the first human EEG. Berger's work wasiezhrout in a small and very primitive
laboratory. There, he conducted experiments inmghthe cerebral circulation. However, he also
invented the electroencephalogram, giving the deite& name, an invention described "as one of
the most surprising, remarkable, and momentouslojeveents in the history of clinical neurology".
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Since the inventionf electroencephalogram the neuroscierdeveloped more rapidly. Tt
differencesm brain rhythms have been noted as we the pathological states of 1 bran, but one
of the most important events was the discoverytarictal spike as the focal signature of epile

The 1960s and 1970s witnessed a regrettable abenat EEG and epileptology. Tt
reasons for this could be various. Either way ftuation changed in the 1980s due to the raf
increasing emphases on EEG and related techniquethei presurgical workup of patier
considered candidates for seizure sur([3]

Modern day electroencephalography does not diffechrfrom the techniqis used in the
1980s, however it is a tool which gives us the mseainfurthering our modest knowledge of -
complex structure of human brain, improve the madapplications by discovering numerous r
conditions and developing different scientific tties which bring us closer to comple
understanding of our own bodi¢

1.2.2. EEG equipment and instrumentation

In 1926, in Berger's time, the electrophysiologic@trumentation consisted of a stri
galvanometer, which was later replaced by doubil galvanometer attaining a sensitivity of 1
pnV/icm, and nonpolarizable pad electrodes. The dscarere made on photographic paper \
recordings from 1 to 3 minute durati At the time he was only able to record one chaunseig
the bipolar recordingechnique with front-occipital leadg3]. This first recording was made
1925 and is shown on top Big 1.4.Other than the EEG Berger recorded a wave for use as a
time marker.

Figure 1.4. The first electroencephalogram of a hamwith thetime marker below (to
in comparison to thraw EEG recording today (bottom)

Today,there is a clearly established set of rules proceduresvhich are used in order
obtain areproducible and easily readable E recording. These regulations enconss the
standards for hardware used flois purpose but also the process of measurensetit

Before placig the electrodes on the scalp the needs to be cleaned m dead cells and
other impurities in order to reduce the impedanewvben the sk and electrode below 5 K2 [1].
This is done by light abrasion with a gel madethis purpose in all the areas which will come i
contact with electrodes.

Many systems typically usAg/AgCl electrodes, each of which is attached to an indadi
wire. Some systems use caps or nets into which electraceembedded. This is particula
common when higlitensity arrays of electrodes are needed. Prior laciny the individua
electrode it needs to be covered with a condugeler past, but this s¢p is not necessary ifac
needs to be placed on the patients head. In this tt& conductive gel can be injected througt
holes in the cap next to the electrodes, made s@lycior this purpoself a cap witl dry electrodes
is used then there i®meed for any skin preparati
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Electrode locations and names are specified bylnternational 1-20 system, so there
wouldn't be any confusion about the electrode prere during the measuremenThis system
ensures that the naming of electrod: consistent across laboratories, sis tised in production ¢
EEG caps and must also be followed if using théviddal electrode: The "10" and "20" refer t
the fact that the distances between adjacent etigtrare eittr 10% or 20% of the total fnt to
back or right tdeft distance of the skulEach electrode has a letter in its name to idethigylobe
and a number to identify the hemisphere locatic-frontal, T-temporal, &entral, P-parietal and
O-occipital; "z"refers to an electrode pledd on the middle of the sculeven numbers refer

electrode positions on the right hemisphere, wiser@dd numbers refer to those on the
hemisphere).

Figure 1.5. Standard -20 electrode placement [1]

Most d the time there is no need to use all of the ebelets. The number of chann
depends on the purpose of acquisitiln clinics, where various pathologies need to be d 19
recording electrodes sufficient(plus ground and system reference) to cted@y abnormal activi
[11]. However, his number can vary depending on the purpose of Ef€Grding and the age of
patient. For research purposes the number of etledrembedded in a cap can go up to a
hundred, in which case a map of electromust be presented with the results of the study
opposed to that, if a patient is an infant thangimaller number of electrodes than usual is usex
to the relatively small surface available for th@mcemen

Each electrode is connected to tinput of a separatdifferential amplifie. The
measurements amther unipolar obipolar (Fig 1.6 a)n nature, with most common being the «
wherereference electrode is connected to the other iopeach differential amplific (Fig 1.6 d).

Figure 1.6.Graphical representation of bipolar EEG measuremna),
unipolar with the average signal as refere (b), unpolar with the averac of A1
and A2 channeds reference (c[1] and unipolarwith reference electrode placed on the r (d)

In some casethe average value Al and A2channels can be used as the refel,
considering that the EEG activity is minimal in slegplace (Fig 1.6 c¢).It is more common thoug|
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to connect all channels to 10Qkesistor network and acquire their average vahee@ace it as
the other amplifier input (Fig 1.6 b) [1].

The amplifiers amplify the voltage between thevacelectrode and the reference’ 1010
times (a typical adult human EEG signal is abouul0to 100 pV in amplitude when measured
from the scalp). The amplifier must have large CM&Rwell as large input impedance that reaches
at least 10 MR for difference mode input signal and 10@Mor the common mode input signal

[1].

The amplified signal is passed through an andisatig filter and then sent to a 24bit analog-
to-digital converter. Analog-to-digital samplingpigally occurs at 256-512 Hz which is more than
enough for the purpose of cortical signal measunesnéJsually, the digital signal is further filtere
with the low pass filter with the higher edge ofHZOwhich is sufficient for the purpose of EEG
recording.

1.3. EEG signal processing

The EEG signals are normally presented in the twomain. However, many new EEG
machines are capable of applying simple signal gssiag tools such as the Fourier transform to
perform frequency analysis and are equipped witmesamaging tools to visualize EEG
topographies. There have been many algorithms oeeélso far for processing EEG signals. The
operations include, but are not limited to, timevdin analysis, frequency-domain analysis, spatial-
domain analysis, and multiway processing.

1.3.1. Brain rhythms

The brain rhythm is the pattern of nerve-cell atti that underlies various behaviors or
mental states. As a superposed activity of indi@idyroups of neurons it possesses high enough
amplitude to be detected on the scalp. Howevernomgask if the interaction between neurons can
give rise to oscillations at a different frequertbgn the firing frequency of individual neurons.
Taking into consideration the fact that when theGEE being recorded the macroscopic brain
activity is observed, this does not pose a prollerniese measurements, in fact it is encouraged
and put to good use at detecting the various metdasds.

The first steps in brain wave research were mageéBérger himself in 1929. Berger
compared the brain waves obtained from subjects @yies opened and eyes closed. He noticed the
increased amplitude in what we today refer to abalfrequency band while subjects have their
eyes closed. Alpha waves are neural oscillationshen frequency range of 8-15 Hz and are
dominant during the relaxed mental state, whereptteent is at rest or during REM sleep. Since
Berger has first recorded and described the omgithese waves, they are also called Berger's
waves [3].

Due to his special interest in alpha blockage gBehas stumbled upon a different type of
activity, this one on higher frequencies then alplaaes. They appeared when patients would open
their eyes and the alpha activity was replaced igitdr amplitudes in 15-25 Hz frequency band.
These substitution waves he called the beta activdw amplitude beta waves with multiple and
varying frequencies Berger associated with active lausy state, or anxious thinking and active
concentration. However, nowadays we are also awee beta waves are associated with the
muscle contractions that happen in isotonic movésnand are suppressed prior to and during
movement changes [3].
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Figure 1.7. EEG spectrum during the restinge shows the prominent peak -12Hz

After a visit to Berger's lab, another scientigineaacross the idea of creating an imprc
machine for electroencephalography recordings.rist® in the 1930s William Grey Walter ma
a number of discoveries using fown invention based on the desigf Berger's. One of tho:
discoveries included until then unknown delta attiwVhile Walter demonstrated the usedelta
waves to locate brain tumoos lesions responsible fepilepsy disruptions in these waves are s
in a wide array of disorder Anomaly in delta activity is seen in adults dgrstates ocintoxication
or delirium and in those diagnosed with various neurologicaomiers such adementia or
schizophrenialn a healthy human it is manifested in early stagf development or cing sleep or
deep concentration in adulthood [:

Delta rhythm Theta rhythm

Alpha rhythm Beta rhythm

Gamma rhythm

Figure 1.8. Brain rhythms

The discovery of gamma waves had to wait a few diexdor the invention of digitiEEG,
since the gamma band is on frequencies higher2bafnz and therefore beyond the pbilities of
an analog EEG. It was first described in 1960s, rfmitmuch is known about it to this day. It
assumed that this activity is linked to unity ofnsoiousness, performance of complex tasks
high mental functions, such as fear and percn [4].

Unlike the previouy describe rhythms, theta activity has been difficult to fimdhumans
even when intracortical electrodes have been atail&ver since the discovery of other rhytr
the theta band has been tethto oscillations occung 4 to7 times per secor These oscillations
have only recently been fod as a result of cortex neu activity which can be seen on the EE
Until 2003 the only known rhythmic activity inat frequency range originated fr hippocampus.
The hippocampal oscillations were associated with RE&s and the transition from sleep
waking, and came in brief bursts, usually less thaecond long. Even though the cortical tl
oscillations had been observed during the tramsifrom sleep and uring quiet wakefulnes
researchers were unable to find any correlatiowdetn hippocampal and cortical theta wi [15].
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When referring to a group of related activitiesiehhcause similar brain wave patterns it is
easier to talk about subbands. For example, thbasubof the alpha band is mu rhythm, ranging
from 8 to 13 Hz. The mu rhythm can be found at ¢basorymotor cortex, the part of the brain
which controls voluntary movements. Scientists whaly neural development are interested in the
details of the development of the mu wave in infaand childhood and its role in learning. There
is also evidence that autism spectrum disorder (A&D be monitored through these waves. While
this is extremely important point, it is not the@s of research revolving around the mu rhythm. In
the past two decades scientists have dedicatedtittnel to the development of the brain-computer
interface which would allow quadriplegic or patemith ALS to communicate using, among other
rhythms, their mu activity.

Even though neural oscillations were observeddsgarchers as early as Hans Berger their
functional role is still not fully understood angete is still a long way to go before brain rhythms
can be associated to individual neurons and tb&sr

1.3.2. EEG artefacts and their removal

Artefacts occur with any signal measurements, heo EEG is not an exception. Some
artefacts are readily distinguished while otherschasely resemble cerebral activity that their
interpretation is taxing. They can be classifieccoading to their source into two groups:
physiological and extraphysiological.

Physiological artefacts originate from the pati@innself. They include eye movement,
muscle activity (EMG), movement, cardiogenic artesaand so on.
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Figure 1.9. EEG artefacts:
eyeblink (a), cardiac (b),muscle (c), 50Hz (d)

The eye artifact is easily distinguishable in BEG pattern. The most prominent eye-
induced artefacts are caused by the potentialrdiffee between the cornea and retina, which is
quite large compared to cerebral potentials. Wheneyes and eyelids are completely still, this
dipole does not affect EEG. However, blinks oc@wesal times per minute and the eye movements
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occur several times per second. Blinks, lateraegaad slow eye movements can be removed by
various filtering methods due to their distinct gés. One of the easiest ways to remove the EOG
from EEG is by recording the electrooculogram alaitpn EEG and then subtracting the previously
estimated part of the EOG from the EEG. Howevehtragting a linear combination of the
recorded EOG from the EEG may not only remove acaltefacts but also some part of the
cerebral activity, since EOG can also be contarathdty EEG. If something like that happens,
filtering should be done in a different way, likiédring out high frequency activity from the EOG
prior to subtraction.

Cardiogenic artefacts may be removed by simpteriilg in frequency domain, since they
are distinguishable by their low frequency. The humsnmon type of these artefacts is the result of
electrode resting on blood vessel or the resulthef movement of head and body with cardiac
contractions.

EMG artifact starts as low as 12 Hz and range&0tbHz, so the typical frequency filtering
cannot be considered. In addition, while centratbdes can give a relatively pure EEG signal,
the others are susceptible to the EMG interfereNtescle activity can best be removed by blind
source separation techniques in combination willeroprocessing tools, or using the ICA method
(Independent Component Analysis) and then visuaflgct unsuitable portions of continuous data

[2].
The most common extraphysiological artifact is $eHz ambient electrical noise (or 60

Hz, depending on the local power system's frequemnelich is quite easy to remove using the
notch filter. The example of an EEG signal contaated with such noise is shown on the Fig. 1.9.

Movement by the patient, or even just settlinghef electrodes, may cause electrode pops or
spikes originating from a momentary change in thpadance of a given electrode.

1.4. Aims of the master thesis

The subject of this master thesis is a comparativalysis of algorithms for accurate
classification of EEG signals in two separate @dassvhere the left hand movement represents one
class and the movement of the right hand the seclaisd. In order to perform the classification, the
motor imagery experiment needs to be done in aacoalwith one of the most efficient paradigms,
so the one we implemented in the EEG experiment&ipresented in this paper.

For the purposes of better classification, we walhstruct a visual feedback session using
the NXT LEGO Mindstorms robot, so the necessarydWare, software and programming
requirements for this task will be explained in thesis.

Using the signals acquired in high resolution E&&Ssions with 96 channels, we classified
the EEG signals using the two spatial filteringagithms. One of these algorithms is the CSP
(Common Spatial Pattern) and another is CSSSP (Qom8parse Spatio Spectral Pattern), the
latter of which has kept the basic properties ofPQsut has the added advantages of spectral
filtering.

We will perform the comparative analysis of thdse algorithms and describe their
advantages and disadvantages. According to thigsasmishe classification of EEG signals might be
improved in relation to time available for the déisation as well as the accuracy requirements.
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2. BCl

A brain-computer interface provides a direct comioation channel between the brain of a
subject and a computer, such that mental activibes be used to influence the computer[13].
Nowadays, BCls are used to enable patients in @ &aage of ALS or locked-in syndrome to
communicate. Nevertheless, its application doesaet to end there. As it is, BCI techniques can
be used for the purpose of stroke recovery andyldteere has been a widespread initiative to
incorporate BCI into the world of entertainment.

2.1. Overview of BCI systems

Like any communication and control system, a BA& &a input, an output, and a translation
algorithm that converts the former to the latteCIBnput consists of a particular feature (or
features) of brain activity and the methodologyduse measure that feature. Each BCI uses a
particular algorithm to translate its input (ei3. chosen EEG features) into output control signals
This algorithm might include linear or nonlineamuatjons, a neural network, or other methods.

BCI outputs can be cursor movement, letter or iselection, or another form of device
control, and provides the feedback that the usdrth@ BCI can use to adapt in order to optimize
communication. As an input BCIs may use frequenmywain (brain rhythms) or time-domain
features (slow cortical potentials, P300 potentiatghe action potentials of single cortical neyro
The methodology includes the scalp electrode type lacations, the referencing method, the
spatial and temporal filters, and other signal-pesing methods used to detect and measure the
features [13].

Because BCls differ greatly in their inputs, tilatisn algorithms, outputs, and other
characteristics, they are often difficult to comgpaBince some BCls are commonly used for
communication, the measure of their success ratédalme the bit rate, the amount of information
communicated per unit time. However, it must bestalnto consideration that the bit rate depends
on both speed and accuracy. Thereby, faster BGémsygsnaturally have less accurate results and
vice versa. Therefore the bit rate is not an eytobjective measure of their performance [13].

BCI can be based on slow cortical signals, ogmha in the alpha and beta range, the P300
evoked potentials or SSVEPSs. If the control siga@n imaginary movement of an arm or a leg the
BCl input is based on the oscillations in the alphd beta band. In this case the fluctuation in EEG
signal is a result of focusing on the arm or legvement. P300-potential, which appears in
unexpected situations such as a fast change ofiilation, can be used in the P300 Speller and
similar applications that enable a user to corttielr environment. The reaction to an unexpected
event is used successfully in the detection of @ineeveral options offered on the screen. Each
option is randomly illuminated and by focusing amecof those, the user can select it. If the BCI
input is in a form of an SSVEP, BCI systems usasaal stimulus, for example a flashing light,
which causes the visual evoked potential in thepaiat lobe. This evoked potential occurs with the
same frequency as the flickering, so if a seveptioas are put before the user, all flickering at
different frequencies the system can preciselyrdetes which option the user is observing [4].

Depending on the electrode placement, BCls caseparated into three groups: invasive,
partially invasive and non-invasive BCls. InvasB€ls are implanted directly into the grey matter
of the brain.

Invasive methods are appropriate only if they saée and if they provide significant
improvement in function over non-invasive methods.times these criteria can be somewhat
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blurred by interpretation of significant improveniefihere are ver
few patients who would willingly submit themselvés invasive
surgeries necessary in order to implant the eldesantheir cortex.
Since theelectrodes are placed in the grey matter, invadexaces
produce the highest quality signals of BCI devibas are prone t
scar-tissue buildwp, causing the signal to become weaker in tim
even norexistent, as the body reacts to a foreign otin the brain.
The obvious volunteerfor this method are patientaith severe
disabilities, however someeople ma want to volunteer for
research that provides no direct benel themselves beyond the
knowledge that they are participatinc a research project that
might help others with similar conditic in the future.Direct
brain implants have been ustd treat non-congenital (acquired)Figure 2.1. Invasive B(
blindness by implantatioonto the patient's visual cortex and system

creation of phospheneRecently, another invasive BCI syst was

implanted in the cortex of @uadriplegic patient This system wasised tocontrol the robotic
hand attached to thepatient'swheelchair by imagination of hd movemen

Most of the norinvasive implantsuse EEG
cap, and thugroduce poor signal resolution beca
the bone tissue of the cranium deflects and def:
signals, dispersing and blurring the electromagt
waves created by the neurons. Howevert patients
find them to be preferable to both invasive .
patially invasive methods, whicdefer only in the fact
that BCI devices in latter rest outside of grey tera
thus causing less scarringNoninvasive BCl's us

. scalp-recorded EEGhythms or evoked potentials

Figure 2.2. Mninvasive BC (EP) which is sufficient forraumber of purposes,

equipment for P300 speller including the motor imageand P300 experiments,

as well as most of EP studids. this paper the foct

will be solely on motor imagery bed nonimvasive BCIs, since it provides the most convetn
EEG signals for testing the relevant EErocessing methods [14].

2.2. Motor imagery based non-invasive BCl's

Sensory motor, cognitiveand emotional processes can affectER«: signal by increasing
or decreasing thamplitude o cortical rhythms. These fluctuationas a resu of internal or
external stimulus are calledvent relateddesynchronization oevent relatedsynchronization
respectivelyThere is a connectioretween voluntary/imaginampovements ar this phenomenon.
Motor imagery, a mental process during which anividdal simulats a given action (like hand a
foot movement), can modify the neuronal activitythie primary motocortex are in a very similar
way as observable with a real executed movemenbrma small subset of brain states wic
considered in the BClI commun, lately increasing attention has been devoted to the asaby
EEG signals induced by imagination of motor moveimbacause of its asynchronous
continuous elicitation [16]During movement the desynchronizationatpha an beta frequency
bands occurs. These chang@ppe! in motor cortex prior to, during arafter the execution (the
movement. Most noticeablghange in the alpha band are the alpha ERM alpha ERS. Alpha
ERD represents a decreasé spectre power in the alpha rangeght bebre the movement
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execution, while the alpha ERS is a subsequeneaser in spectral power of alpha band after the
motor actions return to the resting state [4].

Motor imagery is a very useful method in many aréane of the most important is helping
people in rehabilitation after cerebrovascular insthis method is a useful tool in clinical prag;
in training and physiotherapy of athletes, in p®oby and it already has an application as a basis
for controlling devices and various software.

A stroke can be seen as a massive distortioneot#pacity of the brain to process neural
information, with heterogeneous consequences. Ngtthe motor system is affected after a stroke,
but also the cognitive and emotional systems magdsmusly impaired. It is estimated that after
acute stroke approximately 80% of the patients smree form of motor impairment. About 20%
of these patients regain at least part of theirdastor functions in the subsequent months; thtis, o
the patients surviving stroke, 50-60% are left vatichronic motor disorder. These disorders are
often related to balance, timing and co-ordinatiang to loss of strength and/or spasticity in the
affected limbs. These motor impairments may sulisit@ncompromise quality of life after stroke.
However, the treatment of people who have part@algompletely lost the use of upper extremities
after stroke is not based on healing any possibysipal injuries. In the case of complete physical
recovery after various traumas most patients remaable to perform basic movements with ease
they possessed preceding pathology. Functionalegegas attributed to reorganization processes in
the damaged brain. However, when a functional asysi® completely damaged, recovery is
achieved largely by a process of substitution,ewample other brain areas are recruited to take
over the functions of the areas damaged by strokerefore, as long as a patient maintains his
focus on movements that were once performed witpotlems neural pathways needed for such
actions will not be forgotten. Several studies gdirainmapping techniques have found that, during
motor imagery, brain areas related to motor exenutiere activated. The areas that were activated
during imagery as well as during the executionhef thovement are the prefrontal cortex, the pre-
motor cortex, the supplemental motor area, the utatg cortex, the parietal cortex and the
cerebellum [6].

The process of substitution requires patiencecandtant concentration that most patients in
this situation simply do not have. For this reagas particularly important that during therapy a
visual feedback is provided, informing a patienhaf success, that would motivate and encourage
him to recover faster in some, to him, interestimgnner. Keeping this in mind, a variety of games
and applications are made which keep patientstaiteand at the very same time encourage him to
practice in the right way.

Every BCI experiment is consisted of certain nundfesessions with one subject. In motor
imagery experiment each session is further dividéal trials. A basic motor imagery experiment
subject's task is consisted of maintaining theimgsstate until a cue is presented to him on the
computer screen as a visual stimulus. This evemksrthe start of one trial. Until then there is a
cross on the screen, which is at that moment regldy an arrow pointing to left or right. In that
moment subject follows the instruction given on fiteeen to the best of his ability by imagining
the movement of the right hand (the squeezing matiofinger wriggling) if the arrow is pointing
to the right or imagining movement of the left handcase of the arrow pointing to the left. The
visual cue lasts approximately 4 seconds or mapending on the paradigm, which is when the
trial ends. The number of trials can vary with eaglperiment, and the more trials there are the
more accurate the result of the experiment as denbo

Here, the matter of subject's involvement and eatration level after a long session should
be taken into account when planning the experinfsiteér a while even the most engrossed subject
will gradually loose his focus and the EEG resulilt no longer be reliable. Between the cues, a
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subject sees a fixation cross on the screen whatifies the resting period between two tri
(cues). The resting intervals should be randomagiadisually longer than 6 secor

During these sessionssual or auditory feedback is sent to the pa informing him of his
successThe visual feedback is by far more common angigally in a form of a bar moving to t
left or right, depending on the movement t

An example of oneehabilitationmotor imagery based applicatiovould be throwing the
ball into the basket l@ated on the left and right si of the screenPatient's tasis to throw the ball
into the designated basket in limited time intemw&ich woulc in this caseoe the time it takes for
the ball to fall, by performing the motor imag (Fig 2.3). In this way, the patient does not thi
only about the sensatiosf movement, but isalso trying to succeed ia task thathe has been
presented withn the most effectiveway. By achieving the
goal ofthe task the patient is stmotivated to play the gam_
and to repeat thesame action multiple tim, which is
necessary fopatients who require rehabilitatit

In this and many other wayimagining movements
can help patients recover ploaly as well as improve their W
everyday life. In addition, similar systems can used for W
other games and programs, some of which ieven help '
people with the locked in syndron in the execution of
simpler tasks. Figure 2.3. One of the gais based
on motor imager

2.3. Disadvantages of non-invasive BCl systems

The high complexity of the human brain and low &i-to-Noise Ratio (HR) of EEG
signals preventhe BCI systems from icoding every human mental stateirttentior. EEG signals
are noisy and variable over timEven if the 50 Hz ambient electrical noiseremoved, the noise
from slight shifts in the position of electrodremains as a result @hanges in the conductar
through the skin and interferency hair. As daunting as this problem may sound, most ofet
interferences can be removed by more or less comiiftiering methods, so they will not be furtr
addressed here. True difficulties of BCI systeneswith the experiments themselves as we
within the subjects and patients who execute giasks

SinceBClI operation depends on the user encoding higownishes in the EEthat system
measures and translates into output control sigpatgress depends on development of imprc
training methods. The quantity of EEG data available foning is limited, especially if a BC
system must be trained every time EEG cap is placed on a subjeBElven as the subject
performing the same mental task, the recordedredactctivity defers ech time he or she plac
the cap. This may be due to mood changes, submtsentration, changes in the environn
between two sessions or the hardware setup whishgistly different in each session. Some
these issues can be very taxing to acs, while others are impossible to influe. Therefore, the
focus of improving the prerequisites for acceptdftes signal should lie with helping the subje
concentrate on the experiment, giving them a ck@rievable goal to increase their motiva and
replicating the original conditions of the firstsseon in the following one Visual or some other
feedback during the sessions can be most helpfuhstigating the subject to continue 1
experiment and try as hard as possible to achlevgas he was presented w [18].

In most BCI experiments which deal with patientsppposed to healthy subjects, as we
those developed in the context of gan, a short setup time is requirédr a pleasant gamir
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experience. This implicates that the BCI has tonleser models based on prominent EEG features
from a small training set, while the model needstty reliable during the whole testing session.

The only viable solution to this is the right cheiof EEG features used for the purpose of specific
BCI system and a variety of temporal and spatitdr used to extract them.

BCI development requires extensive interdiscipineooperation, between neuroscientists,
engineers, psychologists, programmers, and retetlih specialists. With further increases in
speed, accuracy, and range of applications, BGin@ogy could become applicable to larger
groups and organizations and could thereby endegmterest of various user populations.

23




The Impact of Spatio-Spectral Filtering for Motor | magery

3. HUMANOID ROBOT ASA FEEDBACK IN MOTOR IMAGERY PARADIGM

Accurate EEG feature classification during the matoagery session largely depends
experiment paradigrand the subject himself. Most of the current resledras been focused on !
computer side of the BCI such as developing powenachnedearning algorithms, while les
research attention has been given to investigatiogy BCl users may optimally adapt and h
produce better results. It has been shown thatalieedback, not only has a great role in learn
a motor skill during thenotor imagery session, but also motivates the stibjed engages him
further his efforts toachieve the ultimate goal of the session. Thusait be said thavisual
feedback is an important aspect to take inccount when designing B@kcquisition essions. In
this chapter themotor imagery paradigm witlivisual robotic feedbackve implementewill be
described as well as the experimental setup aridedi hardware and software packages for E
acquisition.

3.1. The proposed motor imagery paradigm

The proposed EEG experim with robotic feedbacks consisted of two parts: the traini
and testing session. During the motor imagery imgirsession subjects should comfortably
seated in a chair in a dark ro with a blank computer screen placedfiont of then. Twenty
seconds after thieeginning of the session tigreenfixation cross appears on tblack screen. At
this point the subjects are in a resting state wahds placed in a relaxed posture comfortab
front of them. After the visualue, in the form of a r¢ arrow,appears on the scre, the subject is
supposed to imagine the movement of the t Y" b |
corresponding to the direction of an arrcWe suggest
this movement to be wriggliningers as opposed to the
simple fist squeezing motiodue to itshigher complexity. *
The more complex the movement of the he the more .
neurons are activated in the motor cortex, thuslyecimg
the more prominent ERID this are.

During the next 4 seconds, whihe cue is shown
on the screen subject isquered to keep focling on the |
feeling and action of a needed hand mover At the
end of the fourth second the blank screen appemis.i
Until the next time the fixation cross is shown Huibject
may rest in any way he wishes. The pausing timeds
are ofvarious lengths so the subj is always alert. With
the reappearancef the fixation cros, and one secon
later the red arrowthe next trial begin In the training
session we propose to perfoahleas 20 trials with left
hand movement and 2f@lals with right hand movemer
These trials should beompletely randol so not to
allow a subject to predict theex! task. Figure 3.1. The setup and laborat

in which the EEG signals were recor(

While the training session must be done withoudlieek in a dark roor we suggest that
the main part of the experiment is done usinctNXT LEGO robot as a visual feedback. The rc
should be lit just enough fdhe subjectto see the movements of the rol This feedback is
carefully chosen due to its ability to faithfullgpresent the motor activity. At the beginning o
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session the NXT LEGO robshould b placed in front of the subjects, lying on the tablgh its
heal resting closer to the subje

Figure 3.2. Three out of 4 frames shown to theexibj
the fourth remaining frame is a black scr

Prior to theexperiment, the rob should baeconstructed to resemble a hui being and to
move his arms in vari@uspeeds. Therefore, by placing it lying down ionfrof the subject
moves the same hatlte subject is imagining the movemen When the visual cue appears on
screen and the subject imagines the movement ofrasponding hanthe recorded EE(signal is
being simultaneously processed. Based on the &eafttraction from the ongoing signal from
motor cortex and the classification criterion (sléisr) trained in between the training and m
session the processed trial is classified asft or right hand imagery. According to tt
classification the roba'left or right hand, respectively, makes an opgrand closing motic in
three speeds depending tre classifier outpL Therefore, the subject is focused on the imag
hand motion iad is, at the same time, watching the same motopesformed by a robot. The EE
signal acquired in this way has a much greatempiall for accurate classification tn the one from
the session without the feedback, or even the atlethe moving bagas a feedbac

3.2. LEGO NXT robot

The robot proposed as a visual feedback in thgysgeiILEGONXT Mindstorm: robot. The
heart of the Lego Robot is tINXT Intelligent Brick (Fig 3.3 which contains &32-bit ARM7
microprocessor, four sensports(Sensor 1, Sensor 2, and Sensor 3) and three mpoits (A, B,
C) [19].

Figure 3.3. TheNXT Intelligent Brick (left) and the most comn
humanoid robot configuratic-Alpha Rex (right)
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Thisrobot can be assembled in different configuratiand can k made to move and sen
things through touch and light sensors as it m@ The most beeficial configuration for moir
imagery sessions entails the humanoid robot. Wikeamabled it reache30 cm in height which i
the perfect size for the purpose of \al feedback. The thremteractive servcamotors and four
sensors can be independently controlled by theranc created either ilNI Labview graphical
environment or Matlab programming language by usivgappropriate tocox. It also has a LED
display so thamessages can be sent to the robotresults and warningsan b displayed.

The robot NXT brick sppors Bluetooth wireless communicatioso all commands can |
transferred wirelessly, which is extremely impottaonsidering the robustness ois solution.
While working with both patients in clinics and gedis in laboratories it is of utmost importance
reduce the wiring to the minimum so it wouldn't baa negative effect on them, causing
unnecessary level of agitation and distractHowever, as a backup system there is the USE
port on the NXTbrick through which the connection could be esthigd

The robot can be chad by 1.!V batteries or lithium rechargea battery, and both of
these can last through two to three mimagery experiments in average duration of 30 neis

Prior to starting the session or making any hardwaodifications to the robot, it is wise
establish a wireless connection with computer usitegsoftware designated to control the rc
during e motor imagery experime NI Labview graphical environment would need a dri
package which can be downloaded from the manufactsumwebsite,wherea Matlab needs
additionalsoftware to be copied on tINXT brick itself as well as thEantom drive. The required
file (MotorControl22.rx¢ is the part of the RWTH toolbox, a Matlab toolbdgsigned to ser
information to and from Matlab functions. With tlever installed and the necessary files copie
NXT brick, the wireless connection should be ed. In case everything works properly,
hardware modifications can take pl¢

Forthe motor imagery studwe did not connedie robot's sensor inputs, since no exte
sensors are needed fitve purpose of e experiment. We usedd out of threeservo motors and
connected thento A and C brick outputs. The servootor has a builtn rotation sensor thi
measures speed amatational distan¢, and reports back to the NXtelligent Brick. This allows
precisely measured rotati@md complet motor contréwithin one degree of accura We placed
these motors as robetupper arr and are by controlling their rotatiame madethe hand move in
an opening and closing motioOnce the EEG signal igrocessed the command containing
rotation speed is sent to tNXT brick using the available softwaamd the robot is opening one
the arms in three differespeeds we previously programr.

Figure 3.4. The NXTobot prepared for the motor imagery experimentt) has the bilt-in motors as his
upper arms (middle) which control the hand movern(régit)
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3.3. Advantages and disadvantages of robotic visual feedback

The LEGO NXT robot as a visual feedback encourdigesubject to either keep performing
the task without making any changes to his motoageny strategy in case of correct robot
response, or increase his focus and perhaps chia@gactics in order to correct the opposite action
of the robot.

This kind of visual stimulus is preferable to awimg bar since it imitates the exact
movement the patient is supposed to imagine. Tha @f using the movement of NXT robot's
hands, however, was not the part of original pamadiAt first, our goal was to program the robot to
walk forward and backward in the subject's linevision. However, we abandoned this approach
partially due to encountering the same problem ifis the moving bar. While watching the bar or
the robot move left or right, the subjects switchit focus to those events, and for a very shart bu
sufficient period of time, they no longer perforn@tmotor imagery task. Instead they will the bar to
move using other inefficient mental strategies.réf@e, the bar no longer moves in accordance to
subjects’ wishes and eventually they return tootiggnal strategy.

This problem can be avoided by extensive motogenatraining. However, most subjects
do the experiment only once without the benefipdvious experience. Making the feedback the
same type of movement as the imagined task woulhdeinsely help the subject to maintain their
focus. This way, the subject no longer tries tossitilte the original strategy, since they do not
receive the visual stimulus which defers from thagk.

NXT robot has a role of an immediate visual feat#baf performance, so we also
considered the influence of the visual feedbacknotor cortex. There has been some evidence that
a rich visual representation of the feedback si¢ioalexample in the form of a 3-dimensional video
game or virtual reality environment, and therefatso the humanoid robot's movement) may
enhance the learning progress in a BCI task [6]pdnticular, the mentioned studies suggest
employing rather realistic and engaging feedbaekados, which are closely related to the specific
target application. Another important point to addes is the interference of a response from the
realistic feedback stimulus with the mental motoagery task. In some cases, this may impair the
processing and subsequent EEG control. Oscillationhe mu and beta frequency bands are
reactive to both motor imagery and observationiofogical movement [27]. Therefore, it is not
unlikely that a realistic feedback presentation nragrfere with the motor imagery related brain
signals used in the experiment. There is evidenom ffunctional magnetic resonance imaging
(fMRI) studies that this kind of action observatisrassociated with activation of premotor cortical
structures [12].

There is one other issue with the LEGO NXT Mindste robot which can be considered as
both advantage and disadvantage. While its motersexry powerful, the level of noise they create
can be somewhat distracting for the subject. E¥ehe noise cannot be avoided, we turned this
seemingly insurmountable obstacle into advantageeShe motor for the right hand is located on
robots right side and motor for the left hand ohatts left side the noise can be observed as an
audio feedback. The sound level on subject's ld& will be higher if robot makes the left hand
grasp as opposed to the right hand grasp and eisavBYy presenting the subjects with a visual
feedback they are aware of and paying attentiantban auditory one which subconsciously tells
them if their task was done correctly, their parfance can potentially be drastically improved.

3.4. Acquisition and processing software

The motor imagery experiment described in thisitheonsists of two parts: the training and
the feedback session. During the acquisition inttéi@ing session the complex processing methods
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with spatial or spectral filtering were not useastead the signals, acquired using the EEG caj

amplifiers, are simply written into a file awaitirfgrther analysis After this firs session, signals
require further processing afeature vectoextraction before the classifier for tnext (feedback)
session can be traine@nly when he classifier idrained the feedback sess can be initiated.
Signals acquired from thgession with feedback ¢ be considered optimal for ttHater use in

testingvarious more complex filtering and classificatigstions as the CSP and CSS.

3.4.1. OpenViBE software

The optimal aguisition softwarefor motor imagery experiments with feedback is
OpenVIBE AcquisitionServer combined with OpenViBEesigner 0.14.0.

OpenVIBE Acquisition Server is a tool designed tmmenunicate with hardware sigr
acquisition devices and forward acquired signals atmer experiment information to OpenVit
applications in a wagompliant with the OpenVIBE format specificationhel acquisition serve
does nb communicate directly with acquisition devicesstead, it provides the user with a se
drivers to choose from, each one being dedicatedgiven device mod (Fig 3.5.

(% OpenViBE acquisition serves

Figure 3.5. Graphical user interface for OpenViB&gaisition softwar

OpenVIBE Designer relies on a graphical user iatmfto provid the user with signal
processing tools in an intuitive way. It servegteate and execute a scenaan application which
may contain all parts of the session in the formalgbrithm boxes. The algorithm boxes presen:
built in signalacquisition, processing, visualization and pregentdools which may be arrang
in various order to form angCl scenario [20].

VI 2t & 6 e

_ p— |
Figure 3.6. Graphical usenterface for OpenViBE designt
The motor imagergcenario is runninwith the cue presentatian separate windo\

The main part of any scenario involving the signeduasition is an Acquisition Bo»
followed by necessary processing boxes. The visualiz&bials are not obligatory, but in the c:
of BCI models are highly recommend

For the purposes of motor imagery session anothavoidable algorithm bc we used is
the Graz Motor Imagery BCI Stiuletor. While this toolbox requires the script in Lua gramming
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language to function it is still the fastest andstaroductive way of executing the scenario with or
without a graphical motor imagery feedback. By #yew the exact duration of the resting, cue
and feedback period and by programming the ordeopafrations in Lua, this box creates the
scenario of the whole motor imagery experiment ance it is executed it loads necessary labels
which mark the onset points of all events in thpeziment. These labels are joined to the acquired
signal, providing the necessary experiment inforomaftor accurate subsequent processing.

Since two motor imagery sessions are required, witieout and the other with robotic
feedback, we used two separate OpenVIiBE scendmi@sldition, the classifier needs to be trained
in between these sessions, so using the OpenViBEepsing tools for this purpose can be
extremely beneficial. Therefore, in order to obtdia high quality EEG three OpenVIBE scenarios
in total should be used.

The first scenario was designed so it could rexéme signals from the amplifiers and save
them in the predetermined OV (OpenVIBE) file. Bytiating this scenario a training session starts.
The Graz Motor Imagery BCI Stimulatawas employed in order to present the visual stisihu
the form of left and right arrows to a subject dadplace markers in signals at appropriate time
points, like the start of the session, the onset ofisual cue or its disappearance and at the
beginning of other significant events. The readwn ®penVIBE is one of the leading software in
this field, is the marker placement without anyags| which is extremely important in EEG
recordings due to very fast amplitude and frequerm@anges.

The second scenario, as was already mentioned,rawenvolve EEG acquisition. Instead it
loads the data saved in the OV file during thentrey session and uses the simple processing tools
to train a classifier. Processing tools are apgietthe form of OpenViBE algorithm boxes, making
the whole scenario less time consuming for the narogner. However, not all of the data from the
QV file is used in the classifier training; only awmost important channels according to the
previous motor imagery studies have been chosenCgand C4 channelBata from these two
channels was bandpass filtered in 8 to 24 Hz fregueange. Afterwards, based on the markers
from the Graz Motor Imagery BCI Stimulatan the training sessions, the trials for left armght
hand motor imagery were separated and featuresach of them extracted using the following
criterion:

n 2

_ i=1%y,i
foy = log(1 + =225 (1)

wherefvy stands for the feature vector pfclass,y belonging to left or right hand trialgy; is a
samplei of the trial of clasy andn is the number of sampl@s the trial. By loading these feature
vectors for all trials in th€lassifier trainer another OpenViBE algorithm box, the classifiesdxh
on Linear Discriminant Analysis (LDA) is trained cameady to use in the session with visual
feedback.

The third scenario is reserved for the feedbasisiea. Before the start of the session the
classifier trained in the previous scenario shdaiddoaded. Once started, the scenario opens a new
window with visual cues, much like in the first sego. It initiates the signal acquisition and save
raw, unprocessed signals in a predetermined OV Tikee only difference is that this time the
subject has a visual feedback in a form of a robot. the feedback to be effective the minimal
amount of signal processing is needed in OpenViBte first step is, as in the classifier training,
the bandpass filtering in alpha and beta range4(Bk2) of relevant channels (C3 and C4). By using
the same feature extraction algorithm over thetshtervals they are sorted into appropriate classe
according to the trained LDA classifier. The outmiditthe classifier algorithm box reflects the
classification algorithm status in the form of atrxaof value. The LDA classifier sends the
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hyperplane distance as its status, where the twarate planes signify the left and right hand
imagery. However, these outputs need to be traslatto visual feedback by controlling the
robot's motors. Due to OpenViBE's lack of NXT drveand resulting inability to establish a
bluetooth connection to the NXT brick, this parttbé feedback session must be taken over by
some other program which can communicate with then®iBE.

The only two programs capable of controlling th&TNbrick are NI Labview graphical
environment and Matlab programming language, biy tive latter can also freely exchange data
with OpenVIBE. Therefore, we found that the optirohbice is to incorporate a Matlab Script into
OpenVibe using théVatlab scripting box The Matlab Scripting boxuses the Matlab Engine to
process data using Matlab. This box is currentiygatible only with Matlab 32 bits on Windows
operating system and its role is to call a previpugitten Matlab functions and execute them,
using the input arguments from the OpenVIiBE.

We additionally configured the Matlab Scriptingxbby specifying the clock frequency
which indicates how many times per second the bidixoe called from the OpenVIBE. The input
arguments, other than data which needs to be fdedato Matlab, include three Matlab functions
which will be called from the OpenVIBE. We consted these functions so they could
communicate with OpenViBE in the following walitialize functionis called only once during
the scenario, when the first call to Matlab is esfed;Process functiorns executed in accordance
with the Matlab clock frequency, while thninitialize functionis called when the Matlab scripting
no longer needs to be executed.

This is where the OpenViBE's part in the experitremds and the process of sending the
information to NXT brick is taken over by Matlabdathe specifically designed RWTH Matlab
toolbox with appropriate NXT drivers.

3.4.2. Matlab RWTH toolbox

The RWTH Matlab toolbox is developed to controlG&® NXT Mindstorms robots with
Matlab via a wireless Bluetooth connection or viaBJ This software is a free open source product
designed by theAachen University. The LEGO Mindstorms NXT Bluetoo€Communication
Protocol allows this remote control concept to lhellg functional counterpart and equal rival to NI
Labview graphical environment, the original softevdor the control of the LEGO robot. This
toolbox enables combining the robot applicationthvwdomplex mathematical operations, digital
signal processing and visualizations within MATLAB

The data sent form the OpenVIBE is in the fornaofarray, signifying the command which
needs to be sent to the robot. One element of &y &olds the numerical information on the
hyperplane distance for one time period. Largetadise means the higher probability of correct
classification of that period, which is the direonsequence of relevant cortex region activatica in
subject. The difference between the hyperplanamnitsts for the two classes is marked by using the
positive numbers for one class and negative nunfbetke other class.

We designed the Matldhitialize functionto establish the bluetooth connection to the robot
using the RWTH toolbox functions. Once the robatasnected this step does not repeat with each
call to the Matlab Scripting Box. Every followingl€to the Matlab scripting box starts the Process
function. Depending on the imported hyperplaneatiisé six types of commands are sent from the
Matlab Process functionThree of these we reserved for the three levieistation power used to
continuously perform the left hand squeezing motamwl three levels to perform the right hand
squeezing motion in robot. The greater the hypagldistance of a right/left hand motor imagery,
the faster the robot's right/left hand will moveh® the session has ended with the last call to the
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Matlab Scripting box the command is sent through thminitialize functionto the robot to
terminate a bluetooth connection and the experireeds.

The data recorded in the feedback session by {hen\@BE acquisition software and
OpenVIBE designer is unprocessed data of greatalitgudue to the realistic feedback which
improves the discrimination between the activatedtex regions of the left and right brain
hemisphere and therefore can be used with higloeesa rate in spatio-spectral analysis.

3.5. Possible hardware and software inconsistencies

One of the most noticeable problems we encountesgite running the proposed setup
comes in the form of hardware and software incoeises. Therefore, there are several important
issues which should be kept in mind when plannimg motor imagery experiment with NXT
LEGO Mindstorms robot as a feedback.

The first problem involves software compatibili§penVIiBE software is compatible only
with 32bit systems and does not offer full supgort64bit. While other OpenVIiBE boxes may run
on both architectures, tiatlab scripting boxcannot. Therefore it is of vital importance to alb
the recordings on the system architecture recometehy the publisher.

Furthermore, the RWTH software has its own linmtas, making it possible to run only
under Matlab version 2012b or higher. In additiinmnust be taken into account that OpenVIiBE
only establishes connection with 32bit Matlab vansi

One of the main issues with this system is thatlluetooth device used for connection
must be v 1.2 compliant and must have a Cambritigeset. If one of these options is not satisfied,
the connection will not be established.

Even if these setbacks are sometimes time congutaifix, one must keep in mind all the
advantages and possibilities which come with a tiokfeedback system. However, with the right
hardware and by following the manufacturer's irgtoms there should be no problem in running
this motor imagery session.
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4. SPATIAL AND SPATIO-SPECTRAL FILTERING FOR EEG MOTOR
IMAGERY CLASSIFICATION

In this chapter the spatial ancpatiospectral filtering by means of the Common Spi
Pattern filters will be discussetlvVe will explain th&eCSP and CSSSP algorithm, tt mathematical
background and application in motor imagery classifion. The advantages and disadvantage
CSP vill be explained as well aour Matlab implementation of bothlgorithms applied for the
purposes of this thesis.

4.1. Common Spatial Pattern

Extracting subjecspecific discriminative patterns frohigh-dimensional spat-temporal
EEG signalgorimarily requires some form of spatial filteririn this thesiswe applied the spatial
filtering to 96channel EEG recordings obtained during right arfidthandmotor imagery. With
respect to the topographic patterns of brain rhythiodulations, the Cmmon Spatial Pattel
algorithm has pneen to be very useful for motimagery BCI.

This method was first introduced as a decompositisethod which finds projections
common to two states of brain acti and afterwards successfully applied to the cfication
problem of the two state$he original problem formulation was bason classification of norms
and abnormal brain statesince the purpose of the algorithm wpathology detection.
Classificationby a human being is usually based on a smémber of features such as the p
value orfundamental frequency. Each of these measuremant®g significant information fc
classification and is selected according tophysical neaning of the proble [21]. Obviously, as
the number of inputs to a classifier becomes smahe design of the classifier becomes simple
order to enjoy this advantagbgere has to bsome way to select or extraotportant features fror
the observed sampleBhis problemnris called featur@xtraction. Feature selection cbe considered
as a mapping from the nrdensional space to a lov-dimensional feature spacThe simplest
classification method uses two distinctive featueetors which could be represented in t-
dimersional space. An examplof two distributions corresponding to normal andn@mal
conditions, where points depict the locations ahgkes and solid lines are the contour lines of
probability density functions shown on Fig 4.

Normal

gi{x1,x2)=0

4 Abnormal

P
o=

Xy

Figure 4.1. Distibution of samples from normal and abnormal states
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If we know these two distributions € (x; U x,) from past experience, we can set up a boundary
g(xq,x,) = 0 between them which divides the two dimensionatepato two regions. Once the
boundary is selected, we can classify a sampleowith class label to a normal or abnormal state,
depending ong(x;,x,) > 0 or g(x;,x,) < 0. We call g(x;,x,) a discriminant function, and a
network which detects its sign is called a pattegognition network or a classifier [21].

The CSP method is based on a decomposition afatheEEG signals into spatial patterns,
which are extracted from two populations of singi® EEG. These patterns are meant to maximize
the difference between these populations. When egsieg data from the motor imagery
experiment one population consists of EEG recoslahging left hand motor imagery and the other
population consists of right hand motor imageryadag].

Motor imagination can be captured through spatiEltalized band-power modulation in
mu and beta rhythms. The frequency band, on winehQSP algorithm operates, can be selected
either manually or set to a broad band filter. Th@nual selection is preferable in the feedback
session, when the prior information about the desubject's EEG rhythms is available from the
training session, while during the training itsilfs near impossible to determine the optimal mu
band in a new subject. For this reason, for théyarsaof the CSP algorithm, the broad band filter
will be used (7-30 Hz) in further proceedings.

If the EEG is first preprocessed in order to foomsthe mu and beta band, then a signal
projected by a spatial filter focusing on the leftad area is characterized by a strong motor rhythm
during the imagination of right-hand movements, bBgdan attenuated motor rhythm if movement
of the left hand is imagined. This can be seenamalified exemplary solution of the optimization
criterion of the CSP algorithm: maximizing varianice the class of right-hand trials and at the
same time minimizing variance for left-hand trials.

Let us denote the CSP filter by:
Zi = (DTSi (2)

where w € R"*4 is a spatial filter matrixZ; € R*t a filtered signal matrix foi-th trial and

s; € Rt a bandpassed EEG signal matrixifdin trial (ch stands for the number of EEG channels
used for the acquisitiort, is a duration of one trial given in samples ahd= (2i]i € N) is a
dimension of a filter solution). Therefore, the tsqidfilter @ projects EEG trials to the signalwith
minimum two channels. As was already mentioned,dba of CSP is to find a spatial filter such
that the projected signal has high power for oasshnd low power for the otherdi2 then each
row of the projection matrix gives the informati@bout one class probability for the trial in
guestion.

Using the following notation the composite spati@variance matri¥; of the EEG is given

as:
n
1 s;sT
% = — (3)

n & trace(s;st)

wherei stands for one of the totaltrials in clasd € [class1,class?2].

The CSP analysis is based on calculating a mataxd diagonal matrifo with elements in
[0,1] such that:

wX,w" =D 4)
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and
wI,w’ =1-D. (5)

According to the (2) and (3) the problem can henidated in the following way: the goal
of the CSP is finding the spatial filter such thlaé sum of variances of the filtered signal is
maximized for one class and minimized for anoteeentually, the formulation of this problem can
be expressed as the following optimization problem:

max,, Y+, var(w’s;) , so thatY}; var(wTs;) = 1 (6)
min,, Y12, var(wTs;) , so thatY; var(wTs;) = 0 7)

wherevar is the variance of the vector. Using the defimitad the variance we simplify the problem
to:

max, @ X w , so thawT(Z; + Z)w = 1 (8)

In order to calculate, first the whitening transformation has to be daver the matrix
X, + Z,. This means it is necessary to determine the ratsuch that:

PE,+32)PT =1 )

The whitening transformation equalizes the varianoe the space, so that all eigenvalues of
P(Z; + X,)PT are equal to one. This decomposition can alwaydobad due to the positive
definiteness oE; + X,. If £;andX,are transformed as

S, = PX,PT (10)
Sz = PZZPT (11)

thenS; and S, share common eigenvectors. Due to this fact relatively easy to calculate an
orthogonal matrixB and a diagonal matrix of eigenvaluesfrom (2) and (3) by spectral theory
such that

S," = BDBT (12)
From S;+ Sy=I it follows that:
s," = B(I - D)BT (13)

The eigenvector with largest eigenvalue $arhas the smallest eigenvalue f&rand vice
versa. This property makes the eigenvecBsseful for classification of the two distributionghe
projection of whitened EEG onto the first and lagtenvectors iB will give feature vectors that
are optimal for discriminating two populations cEG. The final decomposition that satisfies (2)
and (3) can be obtained from:

w = (B"P)" (14)
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The interpretation of» is twofold, the rows ot» are the stationary spatial filters, whereas
the columns of»* can be seen as the CSPs or the time-invariant &fE@&e distribution vectors.
The decomposition (mapping) of a trgls given by (1).

The further classification is based on featurdareextraction. The rows of thg maximize
the difference of variance of left versus right ti@magery. Various algorithms can be used for the
extraction of feature vectors. In the analysistfog purpose of this thesis, we applied one of the
most common:

t 2

t_ 7%,
foy = log(1 +==—) (15)

The feature vectors of left and right trials argHhar used to calculate a linear classifier (based
the LDA).

4.2. Combined spectral and spatial filter

Many research groups have devoted their effortsitteer the frequency band selection or
optimal spatial filters learning via the Common tgdaPattern (CSP) algorithm. However, since the
spectral filtering and the spatial filtering arengeally operated in order in a motor imagery
classification system, the optimization of the gpafilters and the spectral filters should be
considered simultaneously in a unified framework.

The idea of a combined spectral and spatial flies been the subject of many papers and
studies during the past five years. Only recentlg been developed a spatio-spectral filter good
enough for the BCI techniques. One of the mostiefiit filters was created by Lemm [22], and it
was an extension of CSP filter. The Common Spapiee8al Pattern (CSSP) can be regarded as a
CSP method with the time delay embedding. Aftet, tthee new algorithm immerged, the Common
Sparse Spatio Spectral Pattern (CSSSP). This #igoris to learn a complete global spatio-
temporal filter in the spirit of CSP and CSSP.

4.2.1. Common Spatio-Spectral Pattern (CSSP)

The CSSP method is based on the concept of deiistini low-dimensional chaos.
Mathematically, the system in deterministic statdefined by a first order differential equatiorain
state spac& c RP. Such system therefore possesses D natural vesijalblit the measurement is
usually a nonlinear projection onto a scalar vallieerefore, it is necessary to reconstruct an
equivalent of the state spakevith all its dimensions using the time delay enthed method [23].

Givens, the signakj is defined to be the signal delayeddtymepoints with respect to the
sampling rate. In CSSP, the usual CSP approagbpiged to the concatenation sfandsj in the
channel dimension and the delayed signals aresttesd new channels. While it is possible to add
several delayed channels, thus increasing the exitpbf the filter itself, in this paper the metho
will be explained on the example of one added chknn

Z; = wy's; + w,T5,5; (16)
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By this concatenation step the algorithm is abladglect or emphasize specific frequency bands.
In order to use the previous equations given in @®Representation of appended delayed vectors
6.8 is:

1 =[5 a7)

The optimization criterion can be formulated adoog to (6) and (7) using the class
covariance matrices obtained fraff*. The difference in the solution will of course beioeable
in the spatial pattern matrin™®" whose columns divide in two submatrices:that applies ta;
and w, that applies to the delayed chann&ls;. The decomposition intd; can be done in the
following way:

ch
Zi= ) wo, s, +w;, 58, (18)

c=1

wherech is a number of EEG electrodes. This expressionfudher be transformed to resemble a
finite impulse response (FIR) filter:

ch (Do T w-, T
Zi:ZyC< c g 4 yc 5Tsic> (19)

c=1

wherey. is a pure spatial filter. The coefficients in theackets represent a FIR filter for each
electrodec. By adjustingy. and a decomposition matrix a fine tuning of therailefrequency
filters, e.g., an adaptation to the spectral EE&kpés possible.

4.2.2. Common Sparse Spatio Spectral Pattern (CSSSP)

The Common Sparse Spatio Spectral Pattern (CSH#&P)is a further extension of the
CSSP [24]. The CSSSP's digital frequency filteals® restricted to FIR and is given by:

y@&) =b()x(t) +b2)x(t—1)+ - +bny)x(t—n, —1) (20)

Furthermore, the coefficiedt(1) is defined to the value 1 and the lengthba$ fixed to
some T>1 to avoid overfitting. The optimization plkem in CSSSP can be defined as looking for a
real valued sequendewith b(1)=1 such that the trials

T
Si,b =S; + Z bTS‘lF (21)
T=2

can be classified with greater accuracy than wi#SE. The optimization problem is inherited from
the CSP, relying on (6) and (7) with the only difflece being that the bandpassed signa
replaced by the signal containing the FIR fikgr
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max,,, Y2, var(w’s; ;) , so thaty; var(wTs;,) = 1 (22)
min,, X2, var(wTs;) , so that); var(wTs;,) = 0 (23)

In order to better define the optimization probléme covariance matrices for both classes are
needed. However, due to the presence of delayathelsathe covariance matrices can not be as
simple as in CSP. In CSSSP the covariance matuieedefined as:

27 = E((s;(s)T + sfs}) | i:Trial in Classy) for >0 (24)
29 = E((s;s}) | i:Trial in Class y) for 1=0 (25)

The problems defined by (22) and (23) can be appravely simplified using the correlation
between the signal and bylelayed signal.

T-1 /T-T

max max "’ z Z b(H)b(j+1) |Z] |w (26)
=0 \j=1
so that
T-1 [T—T
w7 Z Z b(HbG +7) |EI+EY) |w=1 27)
=0 \j=1

Sinceb(1)=1, aT-1 dimensional problem remains which can be solv&dg optimization
techniques like gradient or line-search methodsig not too large. Consequently we get for each
class a frequency band filter and a spatial pattern

In order to avoid overfitting it is necessary tdfa@ce a sparse solution for b. Sparsity of is
achieved by introducing a regularization term ia tbllowing way:

T-1 /T-T

max max o’ z Zb(j)b(j+f) Xl |w —C/T||bll, (28)
=0 \j=1

under the same condition as (26). HEris a non-negative regularization constant, which tieabe
chosen, e.g. by cross-validation. With higliewe get sparser solutions foruntil at one point the
usual CSP approach remains.

4.3. Matlab software for CSP and CSSSP comparative analysis

In this thesis we investigated the advantages $® @nd its counterpart CSSSP on three
different high density datasets. For this purpose have developed the Matlab software with
graphical user interface. The idea behind the softwvas to have the results from both algorithms
on the same dataset in one interface. This way thiéerences and similarities are more apparent
than by executing separate programs and savingg#udts with each execution of the script so they
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could be analyzed at later time. The graphicalriate of the developed Matlab software is shi
on Fig 4.2.

Priorto starting the progranwe had to import theata written in an OV file into Matlal
Since this data format is unreadable to Matlab E®we converted ito GDF file which can b
read by means of thEEGIlab toolbox in Matlak Conversion of OV to GDF e is done in an
OpenVIBE scripusing the already existing boxes from this prog

Once the GDFHlata is loaded intEEGlabthe preprocessing of the data can be done ir
toolbox. By choosing the filtering option and spgcig the FIR paramete we bandpass filtered
the data in 7-30 Hz frequencgnge. The sampling rate can also be changed at thrg, dmpwever
in this thesiswe retained the sampling rate 500Hz which is the hardware sampling frequel
After the successful filteringhe datewasseparated into two matrices, one designated foaled
the other for right hand trials, according to tharkers inserted b'Graz Motor Imager BCI
Stimulatorbox in OpenViBE.These two matricewere then saved ddatlab structure files (*.mat)
which canbe accessed by other Matlab scripts. Data fromsthacture file is a matrdS$; €
Rerxtxm wherechis a number of recorded channd is a number of samples in one trial i is a
total number of trials in one out of two clas

At this point the prgram we created can be started. The opening ¢ is divided into four
panels. The first, uppdeft pane, called'Convert EEGlab datals used to creattraining and
testing setsvhen the matrices with left and right hand trials bbaded. Whethe first two buttons
in this panel are pressekoose left hand dat and'Choose right hand da'), a search window
opens and the user chooses the needed maBased on these two matrices which originated 1
the same subject in the same sesstraining and testing sets are obtained by pressie button
Convert Data is divided into testing and training setsqua distribution, meaning that there is
same number of left hand and right hand trin one of the sets. Furthermothe training set we
created in this way contaifigur times more data then the testing

Created by Bojana Mirkovic CSP/CSSSP COMPARATIVE ANALYSES

(=

Convert EEGLAE data

Choose left hand data file (mat format)

File ...

Choose left hand data file (mat format)

File —

*Note: By choosing several times more than
one file can be converted

Classification accuracy: ~ 90%

Classification accuracy:
Optimal frequency bands:
[11 15] [13 17] [20 22]

Classification Classification

Import datal

Left
Spatial Patterns (Left and right)

Spatial

Choose train data

File Train1.mat

Choose test data

File Test1.mat

Figure 4.2. Graphical user interface for comparatianalysis of CSP and CSSSP me

Both sets are saved in the Nab structure format so this pare@n be avoided if the sar
file needs to be processed again in the fu

In case testing and training salready exist, the bottom left parear be used to load them
into program by pressin@hoose train datiand'Choose test dataThis step is rt necessary if the
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data is first converted using th€onvert EEGlab datapanel, and those datasets will be used
instead. However, even if the data was previoustyerted, buttonAnalyze'must be pressed in
order to perform CSP and CSSSP algorithms.

We performed the CSP analysis in accordance wjtiatons (3)-(14) which present a basic
Common Spatial Pattern algorithm, while the CSSS#&one using the methods explained through
equations (24-27). The signals with delayed trialare produced using the
proc_AddDelayedChannelsunction integrated into thBBCI Matlab toolbox. The delay for each
of the 15 delayed channels is set to 2 ms. We folwadorresponding 16 element frequency filter
as the FIR bandpass filter in 8-10 Hz range. Atitat we calculated the covariance matrix by (24)
and (25), finally applying the usual CSP algoritlom the resulting data (27). We performed the
classification on the testing data and saved tlweracy percentage in a designated array. In the
next step, we increase the FIR frequency band Hy and then by 2 Hz, and after each change the
same procedure is repeated with different filtexfter this the low edge of the FIR filter is
increased by 1 Hz up to 25 Hz, while for each new ¢dge the width of the filter varies from 2 to
4 Hz. The band which results in the best clasgsiboais most likely the alpha band of the given
subject, and the corresponding decomposition megrirssed as the result of CSSSP algorithm.

Once we had obtained the decomposition matrisnftbe analysis on the training set, we
extracted the feature vectors using the first aast tolumn of the decomposition matrix each
maximizing/minimizing the difference of trial vanee (29). Feature vectors are also extracted from
the testing set using the same decomposition maitriror the CSSSP for each frequency a
different decomposition matrix is obtained.

t WIS .
f,,y:=<<1og<1+%"s”‘>>|ke{l,dim(wn) (29)

For classification of feature vectors we used tmear discriminant analysis. The
predefined Matlab functioolassify.mcalculates the coefficients of the linear classificcording to
the input feature vectors of testing and trainiagad The visual representation of classificatiom ca
be seen in the middle plot of the third panel f@FCalgorithm and in the middle plot of the fourth
panel for CSSS. In the second plot the data isqaotvith regard to the frequency band which
results in the best classification. The right hamnals are marked with red triangles on thesesplot
while left hand trials are marked with green ciscle

The percentage of accurately sorted trials froet#sting set can be seen in the top of the
third panel for the CSP algorithm and the top @f fiburth panel for the CSSSP algorithm. In case
of the CSSSP algorithm, the highest percentageatel which bandpass filter should be applied.
The plot next to the classification accuracy shtlvesaccuracy percentage for all frequency ranges,
or tested filters.

At the bottom of both algorithm panels the toptplof Common Spatial Patterns are
presented.
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5. RESULTS OF THE COMPARATIVE ANALYSIS

The successfulness of the CSSSP algorithm whepacdog it to the original CSP
algorithm will be demonstrated in the following pher. The table view of advantages and
disadvantage will be given, in addition to grapHhipeesentation of trial data classification.

Originally we used four datasets for the analy§lse was obtained during the training
session of one subject while the other three wikneeorded from another subject (two of which
during the feedback session and one during thairigaisession). We visually tested all of the
datasets for any remaining artefacts after the washge filtering (7-30Hz). In case any artefacts
remained after the filtering they were removed g=i of the preprocessing. Due to the very low
accurate classification rate using both the CSPG®8SP analysis, one dataset was removed from
the whole experiment.

The first and somehow most important criterion foeasuring the performance of any
algorithm would be its success rate, or in the odseotor imagery study classification accuracy. In
Table 5.1 the classification results are givenamtgd from the three 10-trial testing sets andethre
30-trial training sets as well as using the 12Hiesting set and 28-trial training set. It shoble
mentioned that the choice of training and testiegasd its mutual ratio has a fair impact on the
analysis itself. In case of the bigger testing setre classification mistakes will be present.

Table 5.1. Classification accuracy using the CS& @SSP method

training/testing ratio=3 training/testing ratio=2.3

CSP [%] CSSSP [%)] CSP [%] CSSSP [%]
Dataset 1 60 90 50 67
Dataset 2 60 80 58,34 58,34
Dataset 3 70 80 66,67 91,67

It can be clearly seen that the CSSSP method msoist cases by far superior to the CSP.
This result somewhat differs in performance to [@dhere the difference between both algorithms
varies from 1 to 15%. This difference may be theseaof a modified motor imagery paradigm, the
trial distribution in testing and training dataettlata quality, or simply the amount of data awéda
for training session.

However, the accurate classification percentagesametimes insufficient for further
analyses. Therefore, in our software we have shthengraphical presentation of testing data
feature vectors divided by a classifier line. Bgtphg two hyperplanes the hyperplane distance can
be observed for each trial and with it the certaiot classification. Of course, this result also
depends on the subject's success in performintptiikeduring the trial, so the hyperplane distance
may be great but at the same time the trial claskih the wrong class. CSSSP shows better results
in this area too, since it relies only on dataefdid in the narrow frequency band which resultiién
best classification and is more likely the resuitneotor imagery itself. Therefore, during the
analysis of the feature vector plots the accurkgsdication should also be taken into accoune Th
graphical feature vector presentation of threesd#dsa using the 10-trial testing data can be saen o
Fig 5.1-Fig 5.12.

From the first two datasets we have shown thatSFSias indeed done better classification
than CSP. While the hyperplane distance may in stases be greater in the case of CSP one can
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notice that those individual trials can be the ltesiwrong classification, which is not the casighw
CSSSP. The third dataset does show better reftifis hyperplane distance is observed, however,
the overall classification is certainly better WiZlsSSP.

CSP CSSSP

Classification- Testing datasetl x10° Classification- Testing datasetl

Right

A

8.5 9 9.5 10 105 11 115 12 125 13 135 0 0.5 1 15 2 25
Left Left

Classification- Testing dataset2 x10° Classification- Testing dataset2
55 25 T T

15

9
©
&

Right

0.5

B>

9 9.5 10 105 11 115 12 125 0.5 1 15 2 25
Left Left

Classification- Testing dataset3 x10° Classification- Testing dataset3

Figures 5.1.-5.6. Testing set feature vegtéiigures 5.7.-5.12. Testing set feature vector
distribution separated by a linear classifierdistribution separated by a linear classifier.
Feature vectors were obtained using tHeeature vectors were obtained using the
basic CSP analysis. CSSSP analysis.

It is expected that most of the motor imagerywatgtican be detected over the sensorymotor
cortex, located at the border of parietal lobe.@dmg to previous studies and motor homunculus,
the optimal electrode positions for motor imageny @3 and C4. Nevertheless, this may vary from
subject to subject, and sometimes can even chagtlgeebn two separate sessions. The Common
spatial patterns can indicate the cortex regionghwvimaximize and minimize the trial variance for
both left and right trials, providing the valuableformation about activated regions. The
distribution acquired from the previous three detssvith high density 96 channel data can be seen
on Fig 5.13-5.24.

Another disadvantage of the basic CSP methoddiéts inability to detect the frequency
range of interest. The results are based on thee fdiwred in 7-30 Hz frequency band during the
preprocessing. On the other hand, in CSSSP a desiimop matrix with the highest classification
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accuracy returns the frequencywise valuable re$hls way, CSSSP detects the frequencies where
the alpha or beta activity appears, since both beygonnected with motor tasks. The algorithm
returns more than one frequency band in casedhealysis produce the same, highest, classification
accuracy. As it is, most of the best suited filtmuggested by CSSSP are indeed in these two bands,
confirming this algorithm's superiority over itswderpart's. The specific results for the separate
datasets are shown in Table 5.2.

Table 5.2. Frequency bands which produce the higtiassification accuracy,
as suggested by the CSSSP algorithm

Filter in alpha range  Filter in beta range
Dataset 1 11-15 20-22
Dataset 2 12-14 21-23
Dataset 3 12-14 -
CSP CSSSP

Figures 5.13.-5.18. Common Spatial PattersSgures 5.19.-5.24. Common Spatial Patterns
obtained by the basic CSP algorithm (the spatiabtained by the CSSSP algorithm (the spatial agtivi
activity distribution for left hand imagery is shiown | distribution for left hand imagery is shown in tle&

the left column and for right hand imagery in theolumn and for right hand imagery in the right
right column) column)

|

&
=

\sedr

% » z
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A very noticeable advantage of the basic CSP wlgordefinitely lies in its speed. The
whole classification process with basic CSP takely 0.2 seconds to execute on the average
personal computer. As opposed to that the CSSSPthierfrequency band detection and
classification takes 20.3 seconds for processiegdttaset of the same size. For many application
purposes this may even be the crucial factor wheosing between these two algorithms, so the
basic CSP should not be underestimated in any way.
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6. CONCLUSION

The focus of this master thesis is on achievimgriost successful classification during the
motor imagery experiment. This task does not amtjuide the processing of recorded EEG signals,
but also the most efficient motor imagery paradigmual feedback and a choice of an adequate
processing tool.

The first unavoidable task which must be overcatime provision of realistic feedback, was
solved in this thesis by using the hand movementE®HO Mindstorms NXT robot. We did the
robot configuration and programming in the way twauld be most suited for such EEG session,
taking all the possible downsides in consideraéind successfully turning them into advantages.

Second part of the thesis deals with the most rtapb question in all BCI techniques, the
most beneficial algorithms for EEG signal procegsimith regard to commendable ensuing
classification. Nowadays, two of the most frequemgbplied algorithms include Common Spatial
Pattern and Common Sparse Spatio Spectral Palteenquestion, however, remains which of the
two should be used in which circumstances and htiwient these algorithms really are in
discriminating two classes from preprocessed EEGrdings.

Our extensive analysis of both algorithms has sh@wdefinite superiority of CSSSP
algorithm over its counterpart, due to its encorspasadaptive spectral filtering and possibility to
detect alpha and in some cases beta activity barelsery subject. However, even if this algorithm
shows exceptional results it is not best suitddre is of the essence, or only rudimentary analysi
is required. In these cases it is beneficial tolkesthe matter of classification by means of tf&PC
which is by far faster, whereas only some accuvatiype forgone in return.

Applying the proposed signal processing techniguneseases the accuracy of motor
imagery classification performed in this thesista®1.7% with the CSSSP, which is better than
most known spatial and temporal filters for multiage time-series can accomplish.

Until novel spatio-temporal filtering methods aeveloped, we have shown that the CSSSP
remains one of the leading methods for interpretimg noisy data with overlapping frequency
ranges by utilizing optimal combination of spatiald spectral filters.
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