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Electroencephalography 

appear as rhythmical signals and different rhythms usually correspond to dIfferent brain 

states EEGs are commonly dassHled into five rhythms according to their frequency range 

alplla, beta theta, deHa and gamma Table 2,1 summarizes the properties of these EEG 

rhythms, and figure 2,2 shows an example of these rhythms 

• 
r 

Figure 2.1; An example Of a mu l i-chamel EEG rEcordlnQ The y-axi . speCifieS which char,oo the 

waveforms were recorded from, and tc", x-axis shews th e tim e in seconds 

1'''' 0> ] 50,) .,., 

Figure 2.2: Brainwave ~onent freq""rx:; es [16[ 
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Tabla 2.1: Brainwave Iyp,,, with their as.ociated mental states (summarized from [16]1 

[ ':Brainwave type 

r Delta 

Tneta 

Alp'''' 

Beta 

Gamma 

FrGquomcy range 

0-4 Hz 

4~7Hz 

8-13 Hz 

14~30 Hz 

40~ Hz 

2.2 EEG hardware 

ASSOCia;:p:~t:1 S_"_'_" ___ =j 
drowsiness, light ,"ssp 

relaxed C1:\ . ned, alen state conscu l5ness 

a~tive bllSY, anx;:.x", thl,*ing. concentrating 

high mental actrvities 

A typical EEG recording system consists of be following components [17], shown in l igum 

2.3 

, , 
:electrodes:' 

-/ / 

/~ -'\ 
:e lectrode,' 

Fig ure 2.3: O;agr .. " shcming tr., COOl[l()flents 01 a re cordin~ , y. tem 

Electrodes 

• 

Permanent electrodes are usually made of silver or gold, as shown in figure 24 These 

button or CLIp shaped electrodes are applied to a cl ean scalp or forehead with SOme 

cor<lucting solution. gel or paste The electrodes and the cor<lucting solution serve as a 

metal-electrolyte interface with the skin, where a fiow of ions in the brain due to ~ectnc 

CLlrrent is converted into a flow of electrons in the electrode Typical conducting solutions 

used are sodium Or potassium chloride The metal plated electrodes are glued to the scalp 

and are therefore more tolerant to movements and they stay in good condition for long term 

monitoring [16] 
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Electroencephalography 

Disposable adhesive electrocardiogram (ECG) electrodes, shown in figure 2.5, are an 

alternative to the metal electrodes The disposable electrodes are much cheaper, more 

convenient and hygienic when compared to the metal electrodes, but suffer from lower 

sensitivity and tolerarx:e towards movements Disposable electrodes generally last for less 

than 72 hours 

Figure 2.4: permaoont geM plated electrodes Figure 2,5: disposable ECG electrode 

Amplifiers 

EEG signals are very weak (20-100 microvo~) arld have high source impedance, therefore 

differential amplifiers are used to amplify the signal into the range where they can be 

digitized accurately. Differential ampifiers must have high common-mode rejection ratios (at 

least tOOdS) and high input impedance (at least 100rvtohms), in order to minimize loading 

effects and the distorticn of the signal [17[, 

Filters 

Low pass filters remOve 5O!50Hz electrical noise caused by mains hum before recording 

Vlihen information of interest ltes at frequencies above this line noise, a notch Mer is able to 

remove a narrow band around 50160Hz, but It Can result in phase distortion [t 7] 

Controller 

Channels of analog signals are repeatedly sampled at a fixed time interval (sampling rate) 

and converted to the digital brmat with an analog-to-digital (NO) converter The resolution 

of the system is determined by the smallest amplitudes that Can be sampled_ The converter 
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Figure 2.6: E. amplee nl (~) eye blink artlmct (0) h(HI1<>ntaJ eye mover'TWnl art,!;!", "nd 

«) mue.c le IIl'IIfad in EEG 118J. 

'00 

f ig .. ,., 1.7: FreQUency sped' .. ", f)11I>e EMG &IgOal dele<:leo:l .om Ihe TibialIS AIl1e" oo mU5c1e dUing 

a constant In'~e 160metric cordra dloo, .. 50% of VCIIuntaty ''''''' ....... m 1201 
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Eledroem:ephalography 

2.5.2 Parts 01 a BCI system 

BCI systems, like all other communication and control sy~tems. have an input, an output, 

components that translate input signals into output signals. and protocols for determining the 

operation. A general BCI system consists of three rrx:<:1ules, shown 11 figure 2,9. 

An!,," 
r;,,..,,,,,1 

Figure 2.9; Diagram showl,," mo::lcoles 01 a Bel system, 

The signal acquisition module captures EEG from the scalp with some EEG hardware, and 

sends the digitized EEG signal to the signal-processing module, ne signal processing 

module then filters the EEG, removes artifacts and classifies the EEG into device 

commands, ne Actuation module will receive commands and use them to control assistive 

devices such as a mouse cursor, 

2.5.3 Other factors influencing EEG activity for BCI control 

Other mental states or processes that may affect one's abi~ty to maintain control of one's 

EEG signal include [11: 

• Concentration/focus 

• Frustranon 

• Emotional states (e,g, depression) 

• Relaxation 

• Fatigue 

• DistractIons I interruptions 

• Motivation I desire 

• Intentions 

• Other thoughts 
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Table 2.2: SllInml'llNof mental task based BCI ... ,.,,, ..... ,., around the world 

trials 

mu and beta 
modulation 

movement 

other mental 

C3-
C3' and .27 
electrodes over 
central areas 

• power in mu­
beta band. 

• linear classifier 

and 

• Linear discriminate 
JCIIruaruOQ:i<llt. hidden 
U"',rIor .... ' models 

• 2-D cursor control Weeks 
• 4 ;::, .... '''J'''' ... l., 

• virtual ke'l'l)oara 
cursor movement 

• 4 ~I.IIUltill,;liili 

• on/off switch 
• 8 iiliUIUltil1l.iliili 

Months 

• power in 2Hz wide • 
bands from 8-30Hz 

• Neural network 

• several of 
feature vectors 

• kemelbased 

• bi-scale WlRIVAllAnnth Weeks 

• one nearest 
classifier 

time 
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2.6 Known EEG characteristics for different mental tasks 

EEG changes in response to different mental tasks have been widely studied in 

neuroscience and physiology Some EEG spectral changes with respect to eyes closed 

condition. listening to music, mental arithmetic, and imagined I]l{)vernent are summarized 

below 

Eyes closed 

In Srinivasan's experiment [30] for characterizing the spatial structure of alpha component, It 

was found that alpha power was signifiC<lntly high at the posterior regIon of the brain when 

eyes are closed compared to when eyes are open. See figure 2.10 for topographical maps 

for ave rage alpha power of 23 adults and 20 childre n in Sri nivasan's experi ment 

ADULTS CHILDREN 

Figure 2.10: T opograph <: 'nap of averaged alpt\a power (!-iV') in eyes cbsoo cC>")ditws [30[ 

Malte;: et al [31] compares the variability of power in different frequency bands during 

resting conditIons with cycles of eyes open (5s) followed by eyes closed (5s) repeated fm 

10mins, Experiment with 57 subjects has shown that, towards too end of too experiment 

there were a decrease in alpha and beta power, and an increase in delta and theta power 

This obser~ation suggests that EEG frequency estimates varies over time for resting 

conditKlns 

Listening to music 

Too EEG responses from listening to music documented in the literature are diverse and 

sometimes contradictory This ii1dicates that EEG responses to music are not easily 
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3.1: ni"" ... r"".,.. ""~"'''''i ... ,., r.ornnClnAnt!::. of a mental task detection 

3.2.1 

and 

that 

removal 

even drown the 

are fRl1nn ... 'Rn 

[1 

EEG as cause EEG to 

It is tl"l .. ,r ... t' .... r ... 

There are methods EEG l:Irt.1tl:lt't 

l:Il'tif1::l .... tc: such as eye and sw~allciwirla can be 

removed to some extent with a 4Hz low pass these l:Il'tifl:l .... 'tc: 

much than which cause distortion to the EEG that cannot 

will lead to remove. Low artifacts nv,,,rll:iln with the wave, and 

.... nrnnr\ru"nt of EEG. 

l:I .... "v.t'\J can be r"'l1nn~/",n to some extent with a 40Hz 

low pass 

low 

that not distort EEG 

50Hz mains hum ... , .... "'tri,'''' 

since EEG !::.lnr'::III!::. 

noise is removed with a 50 Hz 

below 40 Hz. 

in where the mains is 

24 
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data. and do not require pre-defined rules to function as a cfassilier. As a complete set of 

rules lor accurately discriminating EEGs lrom different mental tasks cannot be easily 

determined, SVM becomes an attractive method to dassify EEG patterns 

Given the promising results lrom studies that use SVM to classify EEG, it was decided that 

this research should lurther investigate the application 01 SVM to classify EEG 

3.4,1 Support Vector Machines 

Support Vector Machines {SVM} are supervised learning systems that uses a hypothesis 

space of linear functions in a high dimensional leature space trained with a learning 

aJgorithm from optimization theory that implements a learning bias derived Irom statistical 

learning theory 162] SVM was introduced by Vapnik ]53] and co-workers, and formulates a 

computationally efficient way of learning 'good' separating hyperplanes in high dimensional 

leature space, by controlling the hyperplane margin measures 162]. 

The s'lmplest model of SVM is the maximal margin classifier It works lor data that are 

linearly separable in the feature space, and forms the building tHock 01 the more complex 

SVr.ls The maximal margin classifier minimizes the classification error by separating the 

data with a maximal margin hyperplane The mathematical theory of the SVM is desc-ibed 

beiow. foliowing the same treatment from the SVM book by Christianini 182] and technical 

report by Gunn 154] 

The optimal separating plane 

Any type of data that can be represented as a veclor In I] dimensions and classified by a 

hyperplarte in 11-1 dimensions Consider a two-class classification problem, separating a set 

of training vectors belonging to two separate classes 

VIIIth a hyperplane, 

(3,2) 
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Approach to mental ta$k detection 

Where ("',h)E /I " x /I are the parameters that control th€ furx:tion aoo the decision rule is 

given by sgn(f(x)), and sgn(O) - I See figure 3.2. the hype~alle is the solid lille, with th€ 

positive region above and negative region belDW The quantities wand b 3re referred to as 

the weight vector and bias, terms borrowed lrom th€ neur31 Ile:work literature [621 

Many weight vectors can represent the same hyperplane, so we Can rescale the weights to 

(-tw.,lb). lor" c R' without ch3ngmg the cl<l.ssiflcation decisJons It IS appropriate to 

consider a canonical hyperplane. where parameters W, b are constrained by 

(3 3) 

1 
A canonical hyperplane theretore has the distance I"i to ·,tS nearest data point The set of 

vector is opti mally separated if th€ separating hyperplane separates it without error and with 

3 maximum separation margin i:l€tween th€ two classes of ooints, see figure 3.3 If the 

weight vector w realizes a functional margin of 1 on the positive point x" and negative point 

X-, it implies that 

(W,.~'j .. hE+1. 

(w .. ~-j+b=.1. 

, , 

0 

0 

, , , 

• • 
• • • 

, • , , 
0 • , • 

,'b 
0 0 

0 0 

- - ---- -, 

Fig lire 3.2: A separat r>g hyperplane (1'1 ,b) for a two-dimensooal tralnn~ ",t 
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This call be rewrrtten as 

(3.4) 

We can then normalize wto compute the geometric margin r, 

(3.5) 

Hence, the hyperplane that has the ma~imum margin is the one that minimize ~ IH' It is 
< 

independent of b, because changing b will shift the plane in the direction normal to itself 

• • 
• • 

• 0 
• 

0 • • 
0 ( .. .)- . -- , 

,-- ,.)~. ~ ." 
0 0 L_ 0 (, .. , ·',_.h. , 

Figure 3.3; The margin 01 a traon;ng set 

The hyperplane (w. b) that solves the optimization problem is 

Minimize .,,(w 

Subject 10, v, [(w, x,)';- bl~ 1, i _1 .... 1 (3.6) 
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Appr08lch to mental fIsk detection 

The saddle point of the Lagrangian gives a solution to thIS, The optimilation problem is 

transformed into its corresponding dual problem The primal Lagrangian is 

I(.d,a)= ~(". >1') - La, ~',CH, . x,) -t b )-1] 
" , 

(3.7) 

'Nhere a are the Lagrange multIplIers, a ~ 0, DifferentIating w~h respect to wand b gIves' 

~O!~'(';c",b~,a~) _ ,_ ~, _ 0 -" L..),a,x, - , 
UW ,. 1 

6I("'.b.a) = ~ v,a = 0 
, i'b L... , , ., 

This relation shows that the hypothesis can be described as a ~near combinatIon of the 

traintng points, re-substituting the relations obtained back to the primal gIves the 

corresponding dual form, 

With constraints, 

,. 1,' 1-" 
= 'a -- ,,.,.aa'I'x,,x'I' L.., 2L./'/},} , } 

,. , ,,,'_1 

a,?1. i=1..,,1 

'a ,,, ~O L. I_ I ,'-, 

(3.8) 

(3,9) 

Solving the equations (3,8) with constraints (3.9), determInes the Lagrange multipliers, and 

the optimal weight vector w = :l>·,u,x, gives the maximal margin hyperplane, 
H 

The value of b does not appear in the dual problem. so it is calculated from the primal 

constraints, [62] 
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h' = _ m~x ,, __ lK ",' . x,i)-t min y, ,(( w·~ 
2 

The hard classifier is then, 

F(x) = sgn(( w' ,x ) -t h,l 

Chifpter :1 

(3 10j 

(3 11) 

A~ematively, a soft classiiier may be better used to interpolate the margin, because it will be 

abte to classify testing points that are within the margin [64] 

(3 12) 

The Karush-Kuhn-Tlcker [62] comptementarity condrtlons state that the optImal solutions a, 

(w,b) must satisfy 

(3,13) 

This implies that only points x , which satisfy 

y,k""x,)-I-h] - 1 (3,14) 

will have non-zero Lagrange multipliers. Hence in the expression for weight vector only 

those points are involved, and they are termed support vectors (sv) . If the data are linearly 

separable, the support vectors would lIe on the margin and hence the number of support 

vectors would be small, see figure 34. Consequently. the hyperplane is determined by a 

smart subset of the training points. and removing other points would make no difference to 

the resultIng hyperplane, Therefore sv contains aU the information needed for classification 

and may be used to summarize large datasets, 
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• • , 
• , • 

0 ,* 
, , • , • 0 , " 
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Figure 3.4, A maximal margin hyperplane ~Ih its ."!'POrt voclor. highlighted 

The generalized optimal separating plane 

In general, if the data are noisy. there will be no linear separation in the feature space 

There are two approaches to gerleralizing this problem margin distribution, or use a more 

complex function to desCribe the decision boundary The choice depends on prior 

krl(lwfedge of the probiem and an estimate of the noise of the data 

, , , • , , -, • .' , . f), , 
, , , , 
0 

, , " , , , , , , • , , 

" 
, , , -, 

' . , 
0 

, , , , , 
0' , , , 

0 " 
, , 

--.~-
, , 

Fjgur~ 3.5: The . Iark variable for ~ non- linearly separable problem 
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In the Cilse of margin distribution, an additional cost function associated with 

misciassification is introduced, see figure 3.5 The margin slack variable ~ is a measure of 

the classification error, ~ 0> D. It allow the margin constraints to be violilted subject to 

(3 15) 

The optimal generillized hyperplane is reillized by the weight vector that minimizes the 

/unction 

(3,16) 

Where C is il given value, and is determined by trial and error, The solution of the problem 

is given by the saddle point ofthe Lagrangian 

L(,..,b.';' a,fJ) - ~{l1' >1) + CI;, - La,G' [", r x' -I- bj-1-1-;')-i: fJi ;, ' 

.. . 1 ,'_1 

(3 17) 

The corresportding dual function is calculated by differentiating with respect to w. and b, 

OL =0 
ap 
AL =0 
vw 
CL -00 
v; =0> a,~fJi=C 

And resubstituting the relations bilck to the primal equation to obtain the new dual objective 

function, [62) 

L( ... d.ij,a.{J)= La, - ~ I.hyp,a..(x, 
.. .',,'_1 

, 
x, ! (3,18) 
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The solution of the problem is 

With constraints 

O~a,~C , 
LYP, =0 
r' 

(3.19) 

i - 1. ... J 

This solution is the SiHne ilS the maximum margin case described previously, except that the 

bounds of the Lagrange mul~plier are modified; however, the villue of C has to be 

determined. which reflects the amount of noise irl the data, and it is usually in the rilnge of 

0.001 - 10. 

3.5 Training 

The performances of BCI systems are affected by the quality of EEG signills fed into the 

system Thus, the quality of mentill practice. degree of imagined effort alld the ability to 

control thoughts may have major effects on the performance of mental task based BCI 

systems. In ildditio-n to utilizing the signal processing methods, some researchers have 

investigated the effect of subject trilining in BCI control Studies have suggested that 

training may help subjects to produce more discernible EEG patterns associated with 

specific mental tasks, by practicing performing these mentill tasks regulilrly, with 

biofeedback 15, 651 Trilining can be with or without biofeedback. B'lofeedback trilining 

systems use visual (grilphlcs) or iludio (sound) feedback to make the trairlee aware of what 

brainwave patterns are present. The feedback system can be set up to reinforce or reduce a 

particular set of brainwave patterns. 

Studies have shown that subject training can improve EEG control and classification 

accuracy of the EEG patterns for imagined halld movement tasks over the primary motor 

cortex and frontal area 1661. 
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Chapter 4 Methodology 

Tnis chapter describes the experimental setup procedures and analytical method for building 

a mental task detection system. 

The objectives of the experiment are to: 

• Explore the possible mental tasks that are detectable from scalp EEG. 

• Search for possible single channel scalp locations and EEG frequeocy bands far 

detection of mental activity related EEG 

• Investigate whether channel lacatioos and EEG frequency ballds for mental task 

detection are subject specifIC. 

• Invest~ate the feasibility Qf building a sirJgle channel BCI system usillg ModuiarEEG 

hardware. 

4.1 EEG experiment setup 

Twa sets of EEG data were gathered from subjects participating in 7 different tasks in wllien 

resting with eyes open, eyes closed. and mental arithmetic are real tasks and listening to 

music. left and right hand movements are imagining tasks. The first data set were gathered 

using the 128 channel Geodesic Sensor Net iGSN) EEG device [13]. and the second uses 

the Single-channel ModuiarEEG device [t 2]. See Appendix A and B for specification of 

these devices 

The reason for haYing two different sets of data is to faCilitate the comparison between EEG 

collected from different devices. The GSN device captures EEG data over the whole scalp, 

and enables the investigation of scalp locations that are most responsive to EEG changes 

between specific mental tasks. The ModularEEG device is a relatively lower cost, more 

portable device as compared to the GSN system which makes it a viable carldidate for BCI 

,mplementahon 
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In this thesis, the electrode locations close to Fp1 and Fp2 above the eye were compared to 

determine whether single channel recording with ModuiarEEG is feasible for BCI 

implementation, as using a single channel is an attractive element far a BCI system 

4.1.1 Participants 

Five right-handed subjects were recruited for the study, their mean age being 23 +/- 1 years 

All subjects signed consent farms, and were paid for their participation, The International 

Federation of Clinical NeurophysIOlogy {IFCN) clinical EEG recording standards is a 

standard that is commonly adopted in clinical EEG recording [67]. The standard requires 

certain conditions to be met such as subject's medical '"1istoi)' and time of recording, 

Althollgh it is not reqllired for a research based EEG recording to comply with such a 

standard an attempt was made to satisfy some of the conditions in order to obtain better 

quality EEG, According to the subjects' self-rejXlrt, they had normal vision and hearing. and 

had no history of neurological disorders. All recordings took ~Iace during the daytime, within 

the same season of yeiY. The experiment has been approved by the Research Ethics 

Committee: the letter of approval is in Appendix D, The subject consent form used is in 

Appendix E, 

4.1.2 Choice oflasks 

To explore the jXlssible mental tasks that can be detectable from scalp EEG, seven tasks 

were set up for the experiment. as shown in table 4,1, 

"Eyes closed ' EEG were recorded far the purpose of validating the experiment and the 

detection system, as it is well documented in the literature that eyes closed EEG have the 

characteristic of an increase in alpha amplitllde at the occipital chanrtels [30]. Mental 

arithmetic and imagined hand movement EEG were experimented with, as they have been 

shown to work well in existing Bel systems [8, t II. To our knowledge there have been no 

mental task based BCI systems using imagined music tasks. however, researchers have 

shown that lIstening to music causes EEG changes in the various frequency bands and 

channel locations [68]. Therefore. music tasks were mcluded in the experiment to 

investigate whether it is II seful for BC I implementation, 
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In music and hand movement tasks, both real and imagined EEG were recorded, to 

compare whether imagined tasks would gi~e similar results to real tasks. 

4.1.3 Description of tasks 

All tasks were done at rest (stationary) or clenching a soft bali, and were presented to the 

subject on a computer screen, w ith white text on black background. See figure 4 1 for an 

example of a computer screen wh ich the user looks at during the experiment 

For resting tasks 1 and 2. the subjects were asked to rest on a chair, relax and try to keep 

their minds as blank (inactive) as possible_ 

Table 4_1: T est ir>g activit ies forthe experi ment 

Tasks Activity Implementation DescrIption Duration 
-

rest with eyes , 
o~o "m. re st 011 a chair with eyes open 5 min . 

-
rest with eyes , closed "m, rest on . chair with eyes closed 5 mil. 

- ------------ - - -

r",ten to ' ima~ne 

i alternate between listening and 

~ imagined listen ing to relax ing music 30sxl0 , re laxing musIC i Watermark [69] in :>Os intervals = 5 mins 
--

alternate betweer1 lister1 ing and 

listen to I ima~'ne The kids aren't imagined listening to rc<;;k mus ic in 30.x 10 , rock music ai ri~ht [70] 30s intervals = 5 mins 
- -

menta l~ calculating successive 

Successive add ~ lOfls w~h the mm OOrs , additions Fibonacci series , pres""ted on the scr""" 5 mins 

, move' ima~ in e a ~emate between clench-ng and 

right ha l"ld clenchin<;l a soft ima~ ine cr..nchin~ the ba l with right l Dsx3D , movement 
,----

ball with force hal"ld in lOs il"llervals 1=5mins 

move! imagine a~ernate between clenching and 

left hand cJ enchir>g a soft ima~ine cr..n c h in~ the bail with left 1Dsx3D , , movement ; ball With force hand in 10s interv. ls • 5 mins 
--
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For music tasks 3 and 4, the recordin~ times were divided inio 10. trials of 30. seconds each 

where ihe exewtion anj imag'ned tasks alternated The rnusic played and stopped in 30.­

second time intervals, For the period when tne music was not playing, the subjects were 

instructed to imagine that the rTl'Jsic was still playing, and to ,ong it'ln thei' heajs 

For ariihmetlc tas~ 5. numbers appeared On ihe SCreen In 5 second interyals. and subjects 

were instructed to perform addition on the numbers 

For nand movemeni iasks 6 and 7, the rewrding time was divided up inio 30. irlals of to. 
seconds each, where the activity aliematej between movement and imagined movemeni of 

the right or left hand A short alert sound was played in to second intervals to indi·:ate a 

chan~e from 'execution" to ' imagine" and vice versa, The hand movement a·:tivity was to 

clench a soft ball with Some force 

Figure 4.1: [XCfTll" c<the cc:<1'\l llter screen wh;ch the user loo<s at during:he exper men: 
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4.1.4 Equipments and trial procedure 

Geodesic Sensor Ne! recording system 

EEG was recorded with the 128·channet Geodesic sensor net system (sample rate" 200Hz 

rewlution" 16 bits. nominal gain = 1000). E-prime [71] was used to present the tasks to the 

subj€cl. arid send event signals to Net·Station [72!. which stored and recorded the captured 

EEG sig nals Figure 4.2 shows the GSN device. and figure 4 3 is an example of the data 

acquisrtion configuration. ModuiarEEG hardware with BrainBay software [73] was used to 

monitor the EMG activities during the experiment. to ensure that subj€cts were not moving 

tOOir muscles when they were instructed to imagine the tasks. 

Prior to the recording, the subjects were asked to wash their hair with shampoo to ensure 

good corlductivity during the recording process The subj€cts were then fitted with the 128-

channet GSN system. Disposable adhesjve electrodes were attacOOd to the skin nearest to 

the motor point of the flexor carpi ulnaris muscl€ on the subject"s left arid right arm for EMG 

monitoring. shown in figure 44. See Appendix C.3 for a description of the fl€xor carpi 

ulnaris muscle. Too setup of the experimental system is shown in figure 4 5 

H l,..t~"" , 
C"',,"'.K:< 

~~ 
Array 

Figure 4.2: The Goodes>:: Sensor Net {GSN) device {131 
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Figure 4.3: Example of data acquiSition conf~urat>on [13] 

Figur .. 4.4" EMG monrtoring using di&pOSable adhe",ve el""trooe~ 
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r ~1 
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Figure 4.5 Diagram showi"g the GeodesIc Sensor Net recording system sal"" 

The 7 testing tasks were presented to the subject in random order Five minutes of EEG 

data were recorded for each activity, with the real and imagined tasks interchanging The 

subjects were asked to pay close attention to the testing tasks and to refrain from 

unnecessary movements Atl subjects were familIarized with the trial procedure and the 

equipments before the commencement of the trial At the end of the experime~t, the 

subjects were asked to rate the level of fatigue caused by each ment~1 tasKs in a 5-step 

Likert scale [74]. with 1 = least fatigue and 5 = most fatigue 

ModularEEG recording system 

In this system. single-channel EEG was recorded with ModuiarEEG hardware (s.ample rate = 

256Hz, resolution = 10 bits, gain = 640), with disposable adhesive ECG electrodes placed at 

pre-fro~tal scalp The device was buitt fwm the McduiarEEG hardware design from the 

OpenEEG website [12]. which communicates with the PC via RS232 serial port. Figure 4 6 

shows the completed hardware BrainBay [73], an open-source software application that 

interfaces the ModuiarEEG device to the computer, was used to record the data into text 

files. E-prime was used to present the activity to the subject, ard to send event Slgnsls to a 
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separate chann~ on ModularEEG hardware, so that event stlnals were recorded in parallel 

with EEG The setup of the experimental system is shown in fogure 4 7 

Inputs 

Fig ure 4_6 Moo,.' arEEG dcvio" with disposable adhes;v" EGG fHoctrooes 

D -- :::J 0 -,~ 

- " ... " • . , on , L 
ole<ro .. , 

I "'''''' ,EeC 0J«<. 
E[ C ,--" '''' H 

Corr<r<"."""" 
o ) 

,~ CDM p<:<1 

D 
= 

Figu", 4.1: Dlag ram shOwing MoouiarEEG rocordlrl\l . y"tem s~tup 
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Prior to the recording, the subject's forehead was cleaned with methanol and saoo paper, to 

ensure good conductivity Disposable electrodes were then placed on the subject's 

forehead at positions close to Fpl arld Fp2 above the eye, here after referred to as Fp1-Fp2, 

shown in figure 4,8 Disposable adhesive electrodes were also placed on the fiexor carpi 

ulnaris muscle on the subject's right and left arm for EMG monitoring, as in the GSN 

recording (see figure 44) Tasks were presented in rarldom orde< Five minutes of EEG 

datJ were recorded for each activity_ The subjects were instructed to refrain from 

unnecessary movement. arld to relax All subjects were familiarized with the trial procedures 

and ..quipments before commencement of the trial At the end of the experiment, the 

subjects were askoo to rate the level of fatigue caused by each mental tasks in a 5-step 

Likert scale, with 1 = least fatigue and 5 = most fatigue 

Front 

" ",,,, 
~, 

.>{;-:, 
, ,-, . 
~" 

Figure 4,8: Electrode plocements illustrated from the perspective of the lOP of the head 

4.2 Data analysis 

The recorded data was pre-processed to remove artifacts, and was segmented into 1-

second epochs before analysis Each extracted epoch was Fast Fourier Transformed into 

its frequency spectrum, with a resolution of 1Hz On~ EEG frequency bands between 4 and 

40 Hz were pre-selected due to the movement and drift related noise contamination below 

4Hz. as well as mains hum noise in the 50Hz region From the 4-40Hz band the 8-30 Hz 

frequency band was further selected using Thornton's Separability Index [75], whiCh selects 

the frequency bands that give best separability results The selected frequency bands were 

then used as inputs into the SVM The data was randomly split into 2 groups, half for 

training and half for testing The SVM was trained to discriminate between two mental tasks, 

and output a "1" or "-I for different tasKs, The classification accuracy was calculated from 
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the percentage 01 correct predictiOll on lIle testing set Figwe 49 illustrates the analysis 

procedme 

P,<·pr""",,jl1u 

'CO'W'~ 10 ~'~, L~S ""_ 

's""" """ ~1."'II 
'R<'OO~ """ <",,,eft 
'RM'C\~ _3,1 ,ootlm mlod ",,"0 

, 0'"""""",,,,,,, 

! 
f .. ,", . ,,!fOCI"" 

-Defl\'e teoue'lCy co"""",,,ol> ,:F." 
Foc".'T""'~ 1 

',~~'l "<Q_c1 O~_. {Tt>,,,",,on'. 
'.0",""-",,,0>0«1 

! 
C~'lfjc;Woo 

'T"", S"ppcrt',,'.,to( Mo<o <,< 

-Ie>! "'''''''_ """"" 01 .. ~<"""'" ,-
Figur~ 4.9; Diagram .howing the data an~lysis procedur~ 

4.2.1 Pre-processing 

Geodesic Sensor Net recording data 

The GSN systems samples EEG signals at 200 Hz The data were then converted to raw 

format usmg Net-Stati(ln software, and loaded into MATLAB The system USeS the ~erte. 

(electrode (29) as reference electrode; ilEl<lCe, each channel records the p<ltential between 

the recording elec1rC>de and the ~ertex The ooter ring of electrodes (see figure 4 10) were 

doscarded, lea~ing 11 0 chann~s out of 128 for the analysis This is because the outer ring 

of electrodes were not in the region of interest and were in conl~ct willl face and rteck 

musdes which can gi~e rise to nO'lsy data 
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Figur~ 4.1G: Electrode locations faor 128 channel Geodesic Sensor Net system, The OI,ter ring of 

electrodes are shown n blue; they were ~iscarde~, 

The remai~ing cha~~els werO! clO!aned offfine u ~ ing the EEGLAB toolbox [76] in MATLAB to 

r~ mo~e, by visual inspectio~, eye blinks and muscle mo~ernent artifacts in all channels, The 

EMG data wa~ screened in parallel WIth the EEG data for imagined hand mo~ernent tasks, 

II th O! EMG data indicated that there INere movements or muscle te~sion during the imagined 

tasks, the corresponding EEG data W€re rej€cted This ensured that all EEG recorded for 

imagined tasks wO!re not contaminated 'i>1th movefl1€nt EEG The cleaned data was then 

se~mented into t -sO!cond IMgth epochs in each channel See App€ndix G for examples 01 

eye blink and rrusde artifacts remo~ed lrom the recorded data Alternative techniques such 

as leA remo~al of EOG artifact, or subtf<lclion of EOG channels from EEG, could al so be 

used. but were not implemented here 

ModularEEG re<;ording data 

EEG signalS were sampled at 256 Hz. EEG voltage data was cl€aned offline using the 

EEGLAB toolbox in MATLAB to remo~e by l'isual inspection, eye blinks and muscle 

movO!fl1€nt artifacts EMG data was screened in parallel with the EEG data lor imagined 

hand movelTl€nt tasks li the EMG data ind'tcated that there \Yere movement or muscl€ 

tension during the imagined tasks. the correspondi~~ EEG data \Wre rej€cted, Thi s ensured 
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tI,.~, ~'.I EEG recorded for imJglned .Jsks were I'ot contami1ated wi~h movem .. ,'1 E"G Tile 

deaned data was ~her' sey 'Tle'lled in,o 1 -Sec~I' d length epOdl s 

4.2.2 Fast Fouri .. r Transform 

A Fas~ FOLJrier Tr~n,fo"'TI is ~'l efLcie'll Jlgo(lhm for computing .he disclw" FOL.rier 

transform (0 FT) a 1,1 its ii' , .. m... It '" Cle; S8 by redll'';; 'lg Ih e I' l.mber ot po'nls for comrutJtin '1 

Tile FFT i, perl8rrned ;'1 M".. r J\I::\. U5:r'g .he Mil rLi\tl fflO 

I et . " " c·e a veGtur Clt numb". :er'Jth fJ Th .. ~-~'l3fO"TI X's yiven by 

, 
\ ,(,) __ ,"("",,..-'-,:-:>-1\ wha,a i ·" .- ' .... · "" « ( . • L. A J r-~,... ~,~ 1iJ,,=P " 'san,' roo n unlY, 

I'lllS will eeturl' IIle O~ I veclor of 

seleGted fenm tre O~'I' vector 

4,2,3 Thornton's separability index 

!el'gth ,v The Ireqllel'q bJI"" 81 in,eresl is Ihen 

TllOrr'lon's (GeClrne,ricl Sep~r~b'li~y 11uex (GSI) I~r a give1 :ask r is :', .. fractiO'l nl data 

points whose i1~LJt n .. arest relghbnur s"ares he same nutput clJSS 1751 

IJ(x, ) f(x: )11moo2 
GSIt/l = ,-' wilh 

f = large I f unction 

x = dala sPI 

x.: = neUi'Psl n£ ighnvIIJ' oJ x, 

n =/o/ui nWllner (if dura 

Th .. GSI h~s ~ v~llI" be:ween 0-1 wi~h 1 indicating a comple: .. -JeClm .. ~ric separability 

betw .. er ~Il" two ·"Iass Cli data points, and ~.~ tur rardom dls"ibution 01 points, I'he CJse nf 

o GSI is very rare, JS i, 8nly h~pj)el's ,"i1el' he '"al~ p8i'1:S ~"e mranyed i:,e a ChesSl'8W" 

wllere e~cll po:l't's 'leJre~, neigho8l.r belo'lgs to il~ opposile cJa~s 

50 
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The GSI was computed for each pair of data sets for all combinations of frequency 

component pairs, and results were compared The frequency components that show higher 

GSI more frequently were selected as features inputs to the SVM for classification 

4.2.4 Support Vector Machine classifier 

A SVM toolbox (64) was used to classify the EEG data in MATLAB, using a tinear kernel and 

C = 0.1. The linear kernel was chosen due to the high dimensionatity of the input feature 

space; non·linear classifiers Were therefore not necessary. Both broadband (4-30Hz. 8-

32Hz) and narrOw band (4-8Hz, 9-13Hz, and 14-30Hz) were used as inputs to the classifier 

and results compared. The i1puts to the SVM were not normalized, as normalization dkl not 

improve the classifICation results The SVM toolbox was validated with artilicial data, 

described in 4.4 

4.3 Multi-channel analysis 

The analysis method for a single channet of data was described in the above section For a 

multi-channel analysis, single channel analysis was pertormed on all the channets. and 

classifICation accuracy compared between the channets Two types of montage were used. 

average reference, and bi·polar montage 

4.3.1 Average reference montage 

The GSN system uses a un~potar reference montage with the vertex as reference. To 

obtai~ an average refereoce montage, alt channels were averaged to obtain the vak.ie for the 

reference electrode, which was then subtracted from each of the chan~els. This was done 

in MATLAB using the EEGLAB software 

Support Vector Machine class;fication result were computed for each channel as well as the 

broad and narrOw bands. The classiflCabon accuracy (averaged from 10 cross validations 

[77]) for each channel were plotted in a head plot. The colours of the head piot indicate the 

level of classification accuracy. with red showing the highest (abo~e 80%) and green the 

lowest (50%), see figure 4.11 for an example of the head plot Head plots were plotted for 

each mentat task versus the resting with eyes open task. as well as each real task versus 

the corresponding imagined tasks for discrimination. 
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Tile GSN otIe<:trode numbers corresponding to lIle bfaifl mg;on, aMI !he terms uwd to 
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4.3.2 Bl_poIar monlage 

Out 01 lI1e 110 electrodes in the GSN £y9tem the 19 electrodes correspondU"Ig to the 10-20 

electrode system coordlnales were selected (see fi gure 4 13). and bl-polar channels Wafe 

computed from all the posstl le combinBMns of ths slectrodes, by sublractlng the Channels 

from one another, resulting in 171 Di-po lar channe ls 

SUPP::lI1 Vector Machme classification results were computed lor each bl-polar channel fo r 

the diffe rent pair 01 mental tasks Results were ploned in a bJ-polar lopograpt\lcal heed plot 

The colour 01 the IlOe 10ining Ihe eledrode locatIOns shows the classilica l.on aCCUfaC"f lor 

lM t Channel Red Indicates a classlficabon accuracy of above 90% and blue Indicates 

classlficauon acctJlacy 01 above 80% An example of the b~potar 10pOgraphical l'lead p lot is 

shown In (,gum 4 14_ 

.. Iil 

.. [j 
" 

, " .. , . 
" " '" " '. ... ".. .. GI, ". 

IlII " , I!iI 
~ .. , ' , 
~""" "'"'" ,., .. .. " .. " 

. ""'''' [j ,-. 
{!j '" ... E.I , • ,, ' .. ~ .. ' .. .. .. , ~" " . GI " GI ~ .. '''' ' .. , . ," .. '" 
,,~ 1lI'--~ .. ""'" ., 

" .. _. 
III " 

, .. , .. 
~, ,, " -. )00 " , 

n " , " .. 
Fig,,", 4.13: 10-20 system e~woOe locafoon on thor 128 channel GeoOes iC ser>sor.-.at 
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Methodology 

. \ " 
l " ,. 

. ." 
,',. 
." , 

'.-' '" 

Figure 4.14: An example of a bi-pOIar tOp<:l\lrapr " a' "",ad plot The line co""ur in-d " ate$ the SVM 

cl<ls ~ ifioat ",n acr:;urJoy between two tJ$k ~ Red line abo.& 00%, bl'-'" line' 80%-00'/, 

4.4 SVM validation 

Prior to the al1alysis of EEG data, the SVM toolbox was t&sted with artif icial dats In 

MATLAB, sine waVeS with varying frequencies (in the range from 10-40 Hz) al1d amplitudes 

were generated The sine waves were Fsst Fourier Transformed into their frequency 

sp&ctra, and frequency components from 8-30 Hz were fed into the SVM classification 

module for classification to test wh&ther SVM toolbox was abl& to d'lScriminate known WaV&S 

accurately, This was used to vatidate the SVM toolbox, results in Appendix H 
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Over<lll, there were more dlffereoces th<ln simil<lrities between the results from different 

subjects, but cert<lin common char<lcteristics ofthe results were also found. 

• The alphs <lnd beta component topographical plots sppe<lred as a line<lr combin<ltion 

between the alphs snd bet<ltopographical plot 

• The topographical plots for re<ll <lnd imsgined tasks were slmil<lr in both the regions and 

predictive accur<lcy, 

• The topographical plots for real vs imagined tasks showed 00 predictive accuracy for 

all channels 

• Results from all subjects show low classification in the midline chsnnels (Fz, Cz. Pz) , 

• Results from all subjects show high classification in the temporal channels, 

• Central channels gave lower classification accuracy for "eyes open" vs. "eyes closed" 

task. 

• The alpha compDnent was the main discriminating band for eyes open vs "eyes 

closed ' in the pariet<ll-occipit<ll channels, 

• The beta component was the main discriminating band for "eyes open' VS, music, 

mental arithmetic. and hand movement tasks 

Eyes open vs. eyes dosed 

There is generally high classification accuracy over the entire scalp except the centrsl 

channels (C3. C4. and Cz). The high classification accuracy in the parietal and occipital 

channels is attributed to the alpha component Overall. the beta component has low 

classificstion <lccurscy: only subject 1 <lnd 5 showed <I high classification The best 

predictive ch<lnnels were mainly in the tempora~occipital scslp Figure 5.1 shows 

topographical plots of the classification accuracy for e<lch frequency component. Table 51 

summarizes the high (above 80%) classification channels, and table 5,2. shows the best 

predictive channels for each frequency band The closest 1 ()"2.0 electrode locations to the 

channel number sre shown in brackets 
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Table 5.1: List of ch aronels having classification acwracy 01 above 8D"h in each frequency band for 

tasks "eyes open" vs "eyes closed'. 

Eyes open vs. 

Eyes close Alpha ... i alpha+beta 

Fp' - 0'--
I n. 01.02. P3. 

""'" Fp1. T3. 01. 02 
sub 1 P4. pz 

sub2 T5, mOl. m "'~ T5. T6, 01 , 02 

sub3 ~ none T5. Pz. P4 

--
F3. Fz. F4. Gz. P3. " " 

F3. Fz. F4. Cz. P3. P4. 

sub4 Pz. 01. 02. T5. T6. Pz. 01. 02. T5 . T6 

I 

few chan rJe ls near T3. T5, T6. P3. P4. " P3, P4, 01. 02 
subS T3. T6. 01 01.02, 

Table 5.2: List of best predictive ~han""ls in each frequen~y bal"ld for tasks "eye" open" v • . "eyes 

close<.!' 

eyes open ,Ipha "". apha+bela 
" •. 

eyes closed " Ch;lnnel % Ch;lnnel % I Channel 

sub 1 76.98 681Pzl 85.28 831021 86.07 50 (T31 

sub2 82.85 _. ,70 (T}-Ol) 69.61 50 IT31 82.85 701T5-0n 

sub3 77.10 58 (T5) 78.39 40 (F7·T3) 80.20 68 (Pz) 

sub4 86.95 92 (T6) 82.76 46 (T3) 87.24 85IT6-02) 

sub5 85.97 85 (T6-021 "'''' 101 rT61 87.M 
, 

671011 , 
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Experimental results 

alpha 

sub 1 

sub 2 

sub 3 

sub 4 

subS 

Percentage (%) of 
correct predictiorl 

"" alpha+beta 

Figure 5.1: Topogr3ph lcal plots showing SVM classification accuracy lor task "eyes open" versus 

"eyes closed". for components alpha. beta. 1000 alpha plus beta. 
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Eyes open vs_ relaxing music 

For all subjects, the high classification channels were similar for both the real and imagined 

listening to the relaxing music - see also figure F,l in App"ndix F Overall, alpha 

components had low classification, and beta components were the discriminating band 

Subjects 1, 2, 3 and 4 showed similarity in having high classih:alion al temporal channels 

(T3 or T4, or both), and subject 5 at occipital channels (Ot, 02) Figure 5.2 shows 

topographical plots of the classiflcatton accuracy for each frequency component Table 52 

summarizes the high (above 80%) classil~ation channels, and table 5.3 shows the best 

predictive channeis for each frequency band The closest 10-20 electrode locations to the 

channel number are shown in brackets 

Table 5.3: List of channels having classifk:atiC<l accuracy 01 above 8()% in each frequellCY band for 

tasks ' eyes open" vs. -rela'ing mus,," 

I' .. yes op<>n 
---

I 
~. 

". .. aJpha+lwta .. 
relaxing -

music real Imagin~ +--real imagine real imagine 

--- ------ -- --
sub 1 none - " n " T3 

------';ub 2 
--------- -- --- -

nOne 00", n n n n 
------';ub 3'-- em. - I " --, " " " 

sub4 none .m, T3, T4 , n " n, T4 13. T4 

subS none - i 0'. GO Ot,02 0' GO 01,02 
• - ---- -- - --

, 

, 

Table 5.4: List of best predicti\lll channels in each frequency band for task. "eyes Open' vs. "imagine 

listening to relaxing musk:" 
------ --

alpha " .. alpha+b~ta 
ey~s op<>n vs, 
relaxin music " channel " Channel " channel -

sub 1 68.21 85 (T6-02 87.M 46 (n) 8707 46 In) 

" ---
m 

40 (F7-T3) : sub 2 68.92 IF4-C4) 85.31 84.31 40 (F7-n) ---- i 
sub 3 58.31 119(F41 84.41 109 IT4 87.37 109114) 

sub 4 64,24 73101.02 98.56 46 (13) 9S05 103{T~ 

~ubS 69,03 _ ~ . __ 83 (02)_ 9210 75 lOll 9347 83 (02) 
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ExperimflntiJl T"sults 

alpha 

sub 1 

sub2 

sub3 

SUb 4 

sub 5 

Percentage (%) of 
correct predictIOn 

beta alpha+beta 

Figure 5.2: Topographical plots .i1<M'ing SVM classification accuracy for task. 'eyes open" versus 

· imaglt-.ed listening to rel",,"'!l music" 
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Eyes open vs. rock. music 

For all su~ects. the high classification channels were the same for both real and imagined 

listening to rock music - see also figure F.l in Appendix F Alpha components have low 

classilication. arid the beta components are the discriminating barld Classilication results 

were high at the frontal and temporal channels Figure 5.3 shows topographk:al plots of the 

classification accuracy for eacl1 frequency component Table 5.5 summarizes the high 

(above 80%) ClassifiCation channels and table 5.B showS the best predictive channels for 

eacl1 frequency barld Too closest 10-20 electrod€ locations to the channel number are 

shown in brackets 

Table ~.~, List of charmels hMing dassif"at:on accurocy of above 80% jrl eac'1 frequency barld for 

tasks 'eyes open" vs, "rock <nus;:: 
=:::=----'--~--~~---~--,-------, 
eyes open 

VS. rock 

music 

sub 1 

sub 2 

sub 3 

sub 4 

sub 5 

real 

em. 

C~ 

,m. 

=. 
=. 

alpha 

. imagine I re.' 
T3. F3, F7, 

em. 
Fpl, T6 
--

~F' 
none none 

= T3 T4, Fp2 

=. Fe' 

Beta 

imagir>e 

T3. F3, Fl. 

Fp1 " 
T4, F4 

OOM 

T3, T4, Fp2 

Fp' 

alpha+oota 

real imagine 

T3, F3, Fl, T3. F3.F7 

Fpl.T6 Fpl, TB 

T4. F4 T4, F4 
-~--

~ "me 

n T4, Fp2 n T4, Fp2 

Fp' T Fp' 

T .blG 5.6; List oll:>esl prediclive ellannels 'n eocl1 frequency band lor tasks eye. GP"n-- v •. --maglne 

Ii " tening to rock mJ""'" _._-_. -_ .. .. _--. ,- -, 
- alpha , .. 

f- alpha+beta 
eyes open vs. -

rock music " ~hannet % ~hann.1 % ch~!1n~_ 

25 IFp1) 46(T3) __ sub 1 71.85 93.29 92.67 451T3) ---

sub 2 70.3B 4 (Fz-F4) B5.85 102 (T4) B3.58 111 (C4) , 
40 (F7-T3) sllb 3 5080 --.lUg}) 73.21 71.88 40 (F7-T3) , ~~. 

sub4 I 6983 14 (Fp2) 99.56 46 (T3) 99.58 .. 46 (T~ 

subS I 5049 25 (Fp1) 86.34 ...§JFJ& 
.~~ 

B9,51 8 (Fp2) 
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alpha beta alpha+beta 

sub 1 

SUb 2 

SUb 3 

sub4 

SUbS 

Percentage ("!o) of 
correct predictlOn a 

Figure 5.3: Topographical plot. "howing SVM ciassifocation accuracy for tasks "eyes ofll'n " versus 

'imagined lislero'rJg 10 rock music' 
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Eyes open vs. mentlll arithmetic 

Alpha bands have low classification, and beta bands have high classification. Subjects 2, 3, 

and 4 had high classification at prO!!-frontal channO!!ls. SubjO!!cts 1. 2. 4 and 5 had high 

classification at temporal channels The best predictive channels were lTIQinly in the pre­

frontal and temporal scalp. Figure 5.4 shows topographical plots of the classification 

accuracy for each frequency component. Table 5.7 summarizes the high (above 80%) 

classification channels. and table 5.8 shows the best predictive channels for each frequency 

band. The closest 10-20 electrode locations to the channel number are show"n in brackets 

Table 5.7: List 01 chaooels MVing clas$ification occuracy 01 above SO-A, in each frequency band for 

tasks "eyes open" vs "mental arithmetic 
- -

Eyes open V$. 

I I mlntal alpha '.G alpha+beta 

arithmetic , 
sub 1 none T6,02 T6,02 

sub 2 0000 T3, T4. T6, F4, Fp~ F8 " " Th, F4. Fp2 " 
sub 3 nOne Fp1. Fp2 Fpl Fp2 

I T3. H, T5, T6, F3, F4 F7 T3, T4, T5, T6, F3, F4_ 
sub4 "~. Fa, Fp1, Fp2, 01, 02 F7, Fa, Fpl, Fp2, 01,02 

-
sub 5 "~ " " - -

Tabll ~.8: List of t>est ~edictlve channel$ in each frequency band forta$k$ "eye$ open' V$_ "mental 

ar~hmetic' 

, 

, 

r : , eyes open ys. alpha "" alpha+beta 
mental 

1 channel ~!ithrnetie % channel % " channel 

sub 1 68.46 96 IT6) 85.61 96 IT!») 86.23 96 IT6) -

sub 2 67.10 a5 (T6.()2) 9386 118{F4) 9400 118(F4) 

sub 3 58_63 105 (C4) 82,75 14 (F ,2) 8231 14 (F )2) 

sub4 69_53 37 (C3) 99,81 103 (T4) 9949 103 (H) 

sub 5 65.69 8 (F 1£l 80.49 57 (T5) "'''' 51 IT5) - -
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Experime"tal results 

alpha 

sub 1 

sub 2 

sub 3 

sub4 

sub5 

Percentage (%) of 
correct prediction 

••• alpha+bata 

Figure 5.4: T opog r~phical plots shcN<ing SVM classifICation accuracy for tasks "eye" open" versus 

"Math problems', 
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Eyes open vs. left hand movement 

For all subjects. the high classification accuracy channels wen~ similar for imagined and real 

hand movement tasks - see also figure F.2 in Appendix F. however. the imagined task had 

slightly 10000er classification accuracy than the real task Subject 1 and 5 showed similarity in 

having high classification at pre-frontal. temporal and occipital channels. and subject 2 and 3 

at central channels (C3 or C4) Subject 4 had high classification at frontal and temporal 

channels. The best predictive channels were varied from subject to subject. Figure 5.5 

shows topographical plots of the claSSifIcation accuracy for each frequency component. 

Table 5.9 summarizes the high (above 80%) claSSification channels. and table 5.10 shows 

the best predictive channels for each frequency band. The closest 1 0-20 electrode locations 

to the channel number are shown in brackets 

Table 5.9: List of Ch arY1els r.wing classif":;ation accuracy of above 80"'<' in each frequency band for 

tasks "eyes open" vS "left hand movemerrt" 
... _ .. 

eyes open alpha "~ alpha+beta 
vs. left hand 

I imagine movement real real imagine real imaQine , 
. __ .. -

Fp1, Fp2. Fpl, Fp2, Fpl, Fp2, Fpl, Fp2 

sub 1 none ,~. F3. F7. T3, F3. F7. T3 F3, F7. T3, F3, F7, T3. 

T6,02 T6,02 T6, 02 T6,02 

sub2 
I 

C3, C4 C3, C4 " '" C3, C4 ,~. ,~. 

- - -
T' C4, N. C3, C4, T3, 

sub 3 " ~" T3. P4. 02 T3 P4,02 , 
0' P4,02 

- --

" T4 F7 T3, T4, F7 n, T4, F7, 

I 
T3, T4, Fl, i 

sub 4 '00' ~" Fp2. F4, F8, Fp2, F4, F8, Fp2, F4, F8, Fp2 F4. F8. 

i-- , T" To To T' 
Fpl, Fp2, Fp1, Fp2, Fp', Fp2, Fp', F'p2. J subS 0' 0' 

I 
0102,T6 01.02, T6 01 , 02, T6 01,02, T6 , 
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Table 5.10: Lisl of besl predictive cha..,els in each frequency band fortask . "eye, open· v,, "imagine 

left haoo movement'. 
-

eye .. open VliI. - alph~ 00. alph~+beta 
left hand -

movement % ch~nnel , % channel 0, I chann .. 1 
; 

sub 1 70.52 26 (Fp1) 92.54 33 (F7) 92,01 26 (Fpl) 

sub2 64.60 .85 (T6--02) 82.42 36 (C3) 8137 36 (C3) -_ .. -
sub3 71,83 3.1 (C3) -- - 85.42 85 (T6--02) 8983 85 (T6-02) 

sub4 70.69 14IF)2) 99,38 47 fT3) 99.17 47 (n) 
- -

sub 5 82.57 75 (01) 9882 75 (01) 99.44 75 (01) 
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alpha 

$ub 1 

sub 2 

$ub 3 

sub4 

sub 5 

Percentage (%) of 
correct prediction 

Chapter5 

.Ipha+beta 

Figure 5.5; T orographica) plots sha"Mrtg SVM classilicatioo acclXocy lor tasks · eyes open" versus 

"imagined left hand movement" 
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Eyes open vs, right hand movement 

For all subjects, the high classificat on accuracy channels were similar for imagined and real 

hand moveme~t lasks - see also figure F.2 in Apperidi. F; however, as lor lhe lelt hand 

moveme~tlask, imagined lasks had slighlly lower classification accuracy than IlIe real tasks 

Subject 1 a~d 3 showed similarity in having high classification channels at T6, and subject 4 

Suhject 2 Wile; the on'; one having high 

classH";<ltion ch<lnnels <It central channels (C3 and C4) The best predictive channels were 

mainly ',n the temporal ilnd OCCipital SCillp Figure 5,6 shows topogrilphicill plots of the 

c:Iilssification accuracy for each frequency component Table 5,11 summ<lrizes ttJ€ high 

(above 80%) cI<lssification channels. <lrid table 5 12 shows the best predictive channels lor 

each frequency band The closest 10-20 electrode locatio~s to the channel number ilre 

shown in brackets 

Table 5,11; Li~t 01 chan"lels having cias,,;l>cahon accuracy 01 above aO% in each freQuoocy band lor 

t~sk$ "eyes open vs, "riillt hand !TOJvemenf 
- -

eyes open 

~S, right 
alpha OOU alpha+beta 

hand I - -

movement 
real Imagine real imagine real imagine 

- -

sub 1 "~. none T6 " " " ---- ---- - - ---

sub 2 no~e no~e C3 C4, T4 C3 C4, T4 CO e" " CO " " , 

sub 3 
I 

CO "O~ " T6 C3, C4, T6 " 
T3, T4 F4 , n T4. F4 T3, T4, F4. H, T4 F4, 

sub 4 ~~ ~"' " Fp2, 01, " Fp2, 01 Fa, Fp2, 01 F8, Fp2 01 , 

00 m m 
---

, 

I 
00 1 I I " 02, T3 " 02, T3. " 02, T3, OT 02, T3, 

subS I none ~. 

" " T6 ,6 
- - ---
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Table 5.12: List 01 best predictr.-e channel5 in each Irequency band lor tasks "eyes op""· vs lmag n e 

right ham movement" 

"""';;1 - - - - _ .. _- -

.;>Ipha buta alph~+but~ right haoo --- -

movement % chann.1 " chann.1 " chann.1 _ ... _ ... -
sub 1 6355 67 (01) 8138 101 ITS) 83.33 101 (Ts) 

sub 2 67.93 68 (pz) 113.71 1101T4) 33.97 110(T4) 

sub 3 75.00 31 le3) 9225 97ITSI 9125 97 (TS) 

sub" 6885 _J03H~_I __ 99a5 _t.Q_2 D'!) 99.85 --~~ 
sub 5 80AO 75 (01) ______ 9_817 ~3 (02)_ 9a,73 _ 75 1011 ___ ----- -
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Experimental re$u/t$ 

alpha 

.ub 1 

sub 2 

sub3 

5ub4 

sub 5 

Percentage (%) of 
correct prediction 0 

". alpha+beta 

Figure 5.6: Topographical r>i<>ts showing SVM classification accuracy fOf tasks 'eyes open" versus 

"imagined right hand movement" 
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5.1.2 Results for bi·polar montage 

The bipolar channel results were plolted in bi·polar topographical plol~_ The colour of Ihe 

line joining the eleclrode Iocation~ ~how~ the cla~~liication accuracy for that OJ-polar channel. 

Red indicate~ a cla~~ificatlon accuracy of above 90% and blue indicates cla~~ification 

accuracy of between 80-90 '",_ Figures 57 and 58 show OJ-polar topographical plot~ for 

ta~k~ "eyes open ' versus "eyes closed', "imagine listening to relaxing/rock mUSIC' , "mental 

arithmetic and "imagine left/right hand movement". The rest of the plots for real tasks can 

be found in Appendix F, 

It was found that at least one of the high classification OJ·polar channels had Similar 

electrode locations as the high classifICation channels in average reference montage The 

classliicat,on accuracies were also similar for the two montages. 

The bipolar channels that gave the highest classiiication re~ults are shown in TaDies 5.13-

5,\7, With the 10-20 electrode locations corresponding to the channel number shown in 

bracket. 

! 

~ 

Table 5.13: List of best predictive bIpOlar chann el in alpha and beta frequency band lor tasks ' eyes 

open" vs "eyes ~Iosed' 

~I ha+ bet.> 

"res o~"n vs. e~es closed % + chann,,1 • channel 

sub 1 85.99 34 (F7) 46 [T3) ___ 

sub 2 8083 53 (P3 \ 59 iT5) 

sub 3 81, I 3 109 (T4) 122 (F8) 

$ub4 89,35 34 (F71 _ 461T3 -------- -

sub 5 89.29 72 (01) 92 ITS) - -- -- - -"" -- --------
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Table 5.14: Li . t of best predictive bipo ar ch.aooel in alpha and beta freqooncy baoo fortasks "eyes 

open" \is 'im~gine tistening to relaxing mllSi<:' 
._ .. 

eyes open vs. relaxing 
alpha .... billa 

, 
music % ... channel - channel ----- - -

sub 1 92,71 34IFlI 461T3) - - -

sub .:I. 82.92 -
I 23 (Fp)) 34 fFli 

sub3 86.02 I 105 (C4) 1.051 (~4) , 
sub4 99,32 34 !F7l 46 (T3) 

- , 
sub 5 86.05 Tr (021 92 ITS) 

Table 5.15: List of best predictive bipo ... r channel in alpha and beta frequency b6lnd for tas~s "eye. 

open" vs, "imaQ"'" listening to rock mus,," 

al ha ... beta 

eyes open vs. rock music '" ... channel - channel 

sub 1 9760 341F7) 46 1T3) 

sub 2 80,66 23 (Fpll 25 (F3) - ._.- -

sub 3 7589 1051C4) 1091T41 ----

--

sub4 9975 25 (F3) 46....QlL _ _ 

sub 5 8378 9 (F 2) 124 (F4) 

Table 5.16: List of best predictive bipolar channel in alpha and beta frequency b~nd for tasks "eyes 

open" vs 'mertl~1 arithmet,," 
,--------

eyes open vs, mental 
arithmetic 

sub 1 

sub 2 

sub 3 

sub 4 

sub5 

al ha + beta 

% __ ~~ _____ ~",,"".,"""".,I~ ____ -channel 

68,82 

9752 

80,13 

99,99 

80.05 

92 T6 

122 (F8) 

11 (F~) 

109 (T4) 

34 (F7) 

105 (C4) 

124 (F4) 
l 
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Chilpter 5 

Tabte ~_17: Lis.! 01 best preddive bipolar ch3l1'\eI,n alpha and beta frequency band lor tasks "eyes 

OPM" vs . mag"'" left hand movemenl' 

,--- - --
I 

" h~ + beta , 
eye$ open V$, left hand -_._-

movement % + channel _ ch~nnet 

sub 1 63.75 62 (pz) _._E9 (ez) 

sub 2 85.15 25 (F3) , 34 (F?) - ---- - - - -_. -- - -

sub3 81.75 46 (T31 , 92 (T6) 

sub4 98.75 34 (F!) I ~6 (T3) 

sub ~ 9715 72 (01 
, 

77102) -

Table 5_18: Lisl of best predk:tive bipolar channel in alpha and beta Irequercy band lor lask ' eyes 

open" vs. "imagine right hand moYement"-

eyes open vs. right hand 
alpha ... beta 

movement , ... channel "_.ch",n~1.... _ 

sub 1 6630 _ 61..I£'.!L 129 (ezl 

sub 2 8440 34 (F?) 37 (0) 

sub 3 ~" 77 (02) 92 (T6) - -_._-

$ub4 9969 ~~ __ -+_~~,-_~_~"~"'''"-___ ~',"6(~ __ 

sub 5 97.86 77(02 92 (T61 
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Experimental results 

eyes open vs. eyes closed 

sub 1 

sub2 

sub3 

SUb4 

sub 5 

eyes open vs. imagine 
listening 10 relaxing music 

eyes open '1$. imagine 
Wslening to rock music 

80-9O"'{' corred classification 

above 90"-'> correct classification 

Figure 5.1: Bi-polar topographical plots showirlg 10-20 channels hawl9 cla.sification accuracy of 

800/. and above for tasks "eyes open" versus "eyes closed " and ' imagine li stening 10 

relaxing/rock music" 
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sub 1 

sub 2 

sub3 

sub4 

subS 

eyes open ~s_ mental 
~rilhm~lk 

Chaptel5 

eyes open vs. imagine left 
hand mO~erllenl 

eyes open vs. imagine 
righl11and movement 

80-90% correct classification 

above 90% correct classir,ca:ion 

Figure 5.S: Bi-polar topograph "aI plots showng 10-20 channels having classificalioo occurocy of 

80% and above for tasks ·eyes open"' versus 'menial arrthmet"· and '"imagi<le ieft/rigl1t 

I",nd movement" 

n 
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Experimental results 

5.2 Analysis results for the slngle-channel (Fp1-Fp2) GSN and ModularEEG 
system 

GSN system 

The correct claSSification accuracies for Fp1-Fp2. channel for the "eyes open" task versus all 

other tasks are shown in table 5.19 and plotted in figure 5.9 for the GSN system. From the 

graph, we can see that the SVM was able to discriminate pre-frontal EEG (Fpl-Fp2.) 

between the "eyes open" resting task vs. "mental arithmetic" in subjects 2. and 4 with above 

82% accuracy, and "eyes open ' vs . ' imagine left hand movemenr in subject 4 with 90°", 

accuracy, and "imagine listening to rock muSiC" in subject 1 with 81% accuracy. SVM was 

unable to detect changes in subject 3 and 5 with above 80% classification accuracy 

Table 5.19: Percentage of correct classification lor <III tasks versus eyes open task for the GSN 

recording 

! eyes retax relax rook rool< menial 
I-"""~i' ~""""''t''"'''""'t~;,m,·~;""·'t'·'''"·'"T,m,.~i.e ~rithm~lic " move 

- ---

irJUlyino i mov.1 LH ! RH " iru in. 

~"'+-''''''''-+-''''~''+-~""'C"'''-f--''''''''-+''"'''''+-'"''''"--1-'~"""+-'M'.'""--1 
I 5ub2 6~.21 66.00 n08 77.00 

lub3 59.t5 ~(.53 58.73 00.' 52.28 

sub( 0000 50.17 +-""'~'"'_t-'91. 72 
subS 70.7. 75.89 7 •. 64 75.00 

58.77 

~2.00 

0000 .. __ . 

76. ' 8 

~e.to 53.62 

58.8~ S7.S3 

~_581 689~_ 
70.75 II 70.6:) 
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100 
0 

00 0 - 80 " 0 - 70 • > • 0 60 
" " 0 " , 50 
0 0 

" 0 40 
" " - 30 0 • 20 0 

" 0 10 0 

0 
em""'" 

~~ 

~ 

, -"-"---T' r r---- ... r 

E,..., R.,., ""= Roc>. R<x'. '''.~ 'H 'H R" ,.., 
_ ~"'" ""'''' ""'''' "'-"'" ""'~ ~.,.... =- ,,"""'" " .... , (~""""" ·,.~l IOn"',", 

Tasks 

Chl1pter 5 

- ' ''''1"''' , 
• '''''10<'' 

,,,* ,, 1 

• ".""",, ' - ' ."i<'" i 

Figure 5,9: Graph showing percentage 01 correct classificalioo for all tasks versus eyes open task lor 

the GSN recording 

ModularEEG system 

The SVM classikation results were best using a 1 secolld FFT epoch size, and broadband 

EEG (8-30 Hz) In subjects 1 2 and 4, the SVM was able to discriminate the "imagined 

hand movement" tasks vs 'eyes open ' task With above 85% accuracy. as well as the 

'melltal arithmetic' task vs ' eyes open" task with above 83% accuracy For subjects 3 and 

5 it was unable to classify any 01 the imagilled tasks Table 5.20 shows the classification 

accuracy for the "eyes open' task versus all other tasks for each subject, averaged over 10 

cross validat'IOrls also plotted in figure 5 10 

I 

Table 5.20: Percenta!7' of correct cias , ificatKln for all ta""-" verslis " eye~ op ~ n ' task for the 

ModularEEG recording 
- -- --- -

eye, ",Iu ," lox ,-" rock mont11 '" '" '" '" ModEEG olo.e h len 1m m 1,.l<>n ~. ,eo arilhmoli< move ,- ,~ may. ~. in . 

""b1 I 53.23 58 73 n 61 .57 67 15 83.7. 83.75 M .93 92 n 9;; 9< -
, 

,"b2 55. 1~ 59.84 7<.19 7H5 W~ 9~.116 85.32 85.77 n~9 93.51 

I 5'-57 

, 
, "bJ 59.3 5029 W~ 52.34 58.1 5<.15 5652 57 47 50.87 

, "M 88.51\ , 59.39 '" ~ 75 79 n.~4 91 .48 60.76 63.92 90.33 86.23 - , 
I 

. ub6 ~~ M.8. 55.23 61.48 63.116 56.45 55.11 5<.73 ;0 632 - -
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Experimenta! results 

"" 90 - 80 0 • f-

• 0 70 
0 2 -• 60 
0 0 
41;;::: 50 m-" . 40 - . 
o~ • 0 30 0 -• 20 0 

10 
, 

• ,.,..-.0--_ 
.~. ~.~--

/"~.=" 
. - .. , 

c . -. / 
~~ 

-

./ " , 
• ,-- ~. - < .-

, 

.. ---_. 

,----.-~---., -----
R .. ", ~.~, Rx,", _, ',"'" 'H ,~ RH 
'"""" """" ,"",", ",,"" ~""c ,_, mQ'," 

" •. " : • ....,. "") : . ..,-, ''-''''''''lO, 
Tasks 

---. "",",j 
, 

0---- • ...,." , 

' ''''',Wl 
''''',0<'' _ __ OC~OC1 S 

Fig ure 5.10; Graph soowing percentage 01 correc: classit"lIlion fOI JII tasks VcrS" , ·cyc , Open -- task 

for the Mod" IarEEG recordl"'J 

5.3 Comparisons between modularEEG recording and GSN recording in Fp1· 
Fp2 channel. 

The Fp1-Fp2 channel classit;cation results were similar for ModularEEG and GSN recording 

Subject who showed low classification (e g subject 3 and 5) for MOduiarEEG also showed a 

low classification for GSN, and vICe versa However, there were slight variations in the tasks 

th ~ t h ~ d high cl~s~ific~tion ~GGlIr~cy (i.e, the proportion of high clasSIfication tasks remained 

the same, but the high ctassification tasks Were diffe'ent). Overall, ModularEEG recordings 

gave mare high (above 80%) class'f>(;atiOfl accuracy than the GSN recording 

5.3.1 Results for the subjective level of fatigue rating for GSN and MOdularEEG 
system 

The subjective rating of the level of fatigue during each task, for both recording systems is 

shown in table 513 b~ow It was found that 3 out of 5 suc-;ects felt less fatigue using the 

ModliiarEEG recording system as compare to the GSN system One subject felt the same 

for both systems, and 0"'3 felt ITI<)re fatigue with the ModuiarEEG system 
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Table for the level of in on a Likert with 1 = least 

and 5 = most = (jeIOCE!SIC ,..."",.",nr Net Mod = ModularEEG 

-. 1 2 3 4 5 

GSN Mod GSN Mod Mod GSN Mod GSN Mod 

open 5 4 1 1 4 4 3 2 1 1 

close 1 1 1 1 1 1 1 1 1 1 

relax 4 3 1 1 2 2 1 1 3 1 listen/imagine 
rock 4 3 1 1 2 3 1 1 5 2 listen/imagine ...... _. 

2 2 1 1 4 3 2 3 3 2 arithmetic 
left hand 3 2 1 1 3 5 4 2 4 1 movelimagine 

right hand 3 2 1 1 3 5 4 2 4 1 .. . 
••• ....... , .. •• .. lIIln8 

Combined 
score 

22 17 7 7 19 23 16 12 21 9 
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Discussion 

In DI-IJOU:lr 

Table 6.1: 

reference 

Babiloni et 
al. 4 

Interface 
11 

of various studies on classification of EEG for BCI 

tasks 

motorima e 

left or 
movement 

movement 

word association 

5 

10 

2 

2 

3 

15 

84 

neural 
network 

Neural network 

number of 
electrodes 

inn 10-20 
locations 

correct 

56% 

81% 

87% +/- 5.0% 

"'''' ......... ''' and 
91.88% 

80% 

N/A 



Univ
ers

ity
of 

 C
ap

e T
ow

n

results 

is a 

was 

more 

were on 

use are to 

were 

85 

in some cases 

in 

in 

to 

were 

6 

are 

5 

... n"""".", to 

to ",,,,,:or,,,,",,, more 

in 

to 

in 



Univ
ers

ity
of 

 C
ap

e T
ow

n

5 was 

as 

to 

stolDDea. as in 

same 

to 

in 

vs. 

in 

86 

in 

to 

were 

rg>~nnr,~g> to 

were 

In 

or 

to 

were 



Univ
ers

ity
of 

 C
ap

e T
ow

n

6 

in 

;:nu,ul .. ';:) uses 

more 

in nrc'"",,,. 

VS. or 

2 were in 

in 

were 

in in 

as 

In in 

et 

3, mu 2, mu 1. et 's 

87 



Univ
ers

ity
of 

 C
ap

e T
ow

n

a reason 

Cnl!lnlreS were aeltecltea VS. Im,SOI,ns!o 

were as were 

tasks. 

<::'''~T''''rn is 

one 

""'n,:;o, tasks - nrl'\\lIt''''t'1 

or 

to in as were on a 

88 



Univ
ers

ity
of 

 C
ap

e T
ow

n

6 

was eX[)eCl[ea. 

as 

to 

were 

is a as it is 

to use, causes to the user, 

in 3 5 

in 

vs. 

in see 

that is a 

89 



Univ
ers

ity
of 

 C
ap

e T
ow

n

precise 'Nith the electrode placement in order to capture the changes, or has to use a high­

resolution EEG system for mental task detection 

(a) 

Figu", 6.1: (a) T opog,ap/1ical pi"'" show'lf1 g WIdespread charlg€s 

(b) T opog,aphic~ plots shoWIng loc<H zed cI1arlg€s 

6.7 Pre-processing method 

The artifact correction approach used in this project is removal by visual inspection 

However, variable length artifacts were relTX)ved prior to segmentation of data into fix ed 

lenQth time->M OOows for FFT-SVM classifiCation This has potential for discontinuous data 

Voo'indows. The effect of discontinuity of data was not looked at. but segmenting data first and 

remove, contaminated >Mndows can ensure that discontinuities of data are avoided, which 

would be a mare suitable method However, this 'NOlJ1d results in an increase in loss of data. 

6.8 Possibility of further improvement 

Subject training improves classification results 

Previous studies have shoWll that subject training improves classification results [65, 661 

Some BCI systems require day, or weeks of training time, before the BCI system can be 

optimally operated, See table 2 2 for example, of these BCI systems TIle subjects used for 

this experiment have not participated in other EEG experiment, before, and no training waS 

done prior to the recorcJ;ng. Therefore >Mth addition of subject training prior to experiment, 

the results are expected to improve. 

Both real and 'Imagined tasks Were experimented in order to investigate l'IIlether the system 

could detect EEG changes during real tasks, and whether imagined tasks wollid give similar 
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Oea~d~jon of mental task related EEG 
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Appendices 

Notes 

1, Dynamic characteristics are taken from HolelJer, R ct aI., Tile Test of AD C[)flverters 

Embedded on Two Micrrxonlrollers, Me«surement SCience Review (Journal of the 

Institute of Measurement Science, Slovak Academy of Sciences, 

http://wwwmeasurement.sk/ ) Volume } Number } 2001 

http.l/www measUiemeni, sk!PAPERSlHo/cer.Qdf 

2 INL, DNL, offset error and absolute accuracy numbers are taken from the 

manufacturer's data sheet. The article in note 1 specilies a higher INL: 1 4 LSB max 

(absolute value not ~I- 1,4 LSBl. AI vall/es assume ADC clock <200 kHz Yeah 

these numbers could be better, 

3 The article in Iwte 1 discusses the ATgOS8535 microcontroHer This is a bigger 

microcontroHer in the same lami", as ATOOS4433, so chal'ICes are they have very 

similar cores. The measurements were done at a higher sample rate (fs " 4800Hzl 

and with Vref = 2,5V which may degrade the results slightly compared to the Is = 

256Hz and Vref = 4 OV used in the ModularEEG 
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Detection of mental task related EEG for BCI implementation 

B.2 Analog board schematiC 
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Dl!recfiall or ",,,,,tllf tllsk refilter! ~£G!Dr BCI Jmpfementlltio" 

Appendix C Neuroanatomy and Muscles 

C. l The structure of the nauron 

The hum;)n body contains more than 100 bilhon neurons and most of t1i!!1T1 are conoenuated 

,n lhe tlO8,n Neurons are cells 1h,I1 C<lrry l nforma~on in tile bra,n and ,n the oentral nervous 

system. in lhe fonn of etectro.chemrcal slgroals The neurons have specialized proJectrons 

calleo:l a.ollS and dendrites. aoo a cell body shown In frgure C. 1 

The dendrrtes are brand1ed processes that exter.j from thi! cytop~sm of the Cei l bOdy 

wh,ch respond to specifLc stimuli ar.j conduct impulses to the cell body The axon is a 

relative ly long. cylindncal p"oces$ that COnducts rnpulses away from the caj l body 

The SIgnals are carried along a,ollS (signal transmitter) Bad dendntes (sIgnal reoel~ef) of Itre 

neuron by changes on electncal properties called actIon potenbal 

~~~6 , .~ 

*~ 
l" rm., 01 ,-

So",. (Cd I>:>dyl 

N"""'," 

Figure C.l : The 51"1C1,"e 0\ a neu fOO [B2] 
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Appendius 

C.2 The structure of the brain 

'The cerebrum. eonsistirlg of five paired lobes within two convoluted hemispheres. is 

concerned with higher brain function. inciliding the perception of sensory impulses. the 

instigation of Yoluntsry movement. the storsge of rT1€mory. thought processes and ressonlng 

sbility, the cerebrum is also concerned with instinctual and limbic (emotional) functions" [831 

'The left and right hemispheres of the cerebrum are incompletely separated by a 10rlgitudinal 

cerebral fissure, which is then subdivided mto five lobes by deep sulCI or fissures Four of 

these lobes sppear On the surfsee of the cerebrum snd sre nsmed accordirlg to the 

oyerlying cranial bones" [83J See figure C-2 for a lateral and superior view of the cerebrum 

"' .. , 

"""' ...... -, 
~'''''"~ ,,",_,0-00;.«' 

r.J 

,",,-<.~ "'" '~ "~"'-I 
w""","""",,,,,, ... , 

_. 

... ,,,,, "'"'..,., .... 
,",,,,,, ' '""' 
.,.""" -

-" ... ,,,,,,,,, ... ~ ~ ",,,,,,iv,,,, 
", ... """,.- .. ~ . ,"~-" 

Figure C.2: The cerebrum. (~ ) a i<lteral view and (bl a superb< view [63] 
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Detection of mental tallk related EEG for SCI implementation 

Eye blinks C8n be detected by increase in activity in the occiplt8110be. where Yisual area is 

located In the centre of the left and right hemi5phere is where the auditory areas can be 

fWnd The motor and sen5O!Y motor areas of the cerebr81 cortex are shown in iigure C,3 

which are respons'ble for motor movement and sensory stimuli, 

-~~:~ -_~h' ~ \ ~. y --,,,,,,,,,, --

•• • 

Figu rc C.3: Ma or am ~e",ory areaS of the c"rebral cortex. Moto! areas cortrol skeletal muscle ard 

s"...,;ory ",,,as r"c", ... e somaresthetic s",,<atlOns [83J 

'" 
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C.3 Flexor Carpi Ulna rls muscle 

"Tho: fi exor carpi ulnar"1S muscle is positioned on the medial anterio! side of the lorearm. 

whefe it asSlsl:s In flexing the wri st jOints and iKiduct,ng the hand' (83). See fjgura C 4 fur a 

(liagiam shomng ,IS pOSl~on on tile hilnd 

Figu<~ C.~ : Super1!coal muscle1! <;1"'9111 /oreafm a postllno! II'ew [sal 

'" 
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Appendix D Ethics Approval 
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AP/Mndices 

Appendix E Subject Consent forms 

An investigation of EEG changes generated with 
mental tasks 

Informed consent 

Engirleers from the University of Cape Town are developing a bra in-computer interface that 
may be used to assist paralyzed people. A mental task based brain-computer N1 terface is 
being investigated, this interface classifies the mental state of the subject, using neural 
network based on the frequency spectrum of EEG Certain frequency components of EEG 
are modulated by the various mental states, therefore EEG recordings are required. 

Health volunteers are required to perform a series of experimental tasks, during which EEG 
waveforms will be recorded. Each vo lunteer will be paid RSO on successful completion of 
the study. Aside from the payment. this testing will have no immediate benefit to the 
volunteers However as part of a research and development process, it is enVisaged that 
the end resuH of the research wou ld be a brain-computer device 

Testing procedure 

All testing will be carried out in the EEG laboratory, at the Anatomy Building (UCT Health 
Science Facu~y) 

The investigator will place the 128 channel Geodesic Sensor Net on the volunteers for the 
recording of EEG. 8 different experimental scenarios Will be evaluated for their effect on the 
mental state. Each scenario w~1 last 5 minutes. At the end of the experiment, the subjects 
will be aSked to rate the level of mental fatigue of each mental task on a scale of 1 (least 
fatigue) -- 5 (most fatigue) Subjects are required to keep as still as possib le during the 5 
minutes recording sessions. 

Possible risks associated with participation 

The EEG equipment is inherently safe. Temporary mild skin sensitivity may results from the 
salt solution used with the electrode sponge. In the unlikely case of any subject 
experiencll1g discomfort, the subject should alert the Investigator. The University of Cape 
Town has a public liability cover should some unforeseen event occur whilst you are 
participating in th is study. 
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Oemtion of mental task relate, €EG For SCI fmplementation 

Statement of understanding and consent 

I co·lflrm that tr,e exact procedure and techniques a·ld the possible COlllrH>cations of the 
above tests I;ave beer. tI;orougl;ly explai·led to me I alll free to w·ltr,draw TrOll the study at 
ar.y time sr,ould ! choose to do so ur.derstar.d tr,at ! Illay ~sk quest ions at ar_y time durir_g 
the testlll-,l procedure. I know that the persor.~1 informati01 required by the researchers ar_d 
derived from the testir.g procedure will rem~i·l strictly cO·lfide·lfl~! a1d wi!1 or_!y be reveilled 
ilS il number ·r. clilssi~cation ar.alysis I have carefuliY read this form ar_d l.r_dersta1d the 
1ature. purpose and procedures of this study I agree to participate In this research project 
condurted by the UCT r::ivisior_ of Biomedicil! Er_gi1eering 

Name of volunteer I guardian (if necessary): ______________ _ 

Signature: _____________________________ _ 

Name of Investigator: ________________________ _ 

Signature: _____________________________ _ 

Date: ________________ _ 

Research team 

Postgraduilte student Ms T.A Lin (MSc studel! UCT Electrical E1gineeri1g) 

Supervisocs 
LnxtsuLlO 1 (fum" it uct ac ya 
Dc LR Johr_ (Lecturer, UCT MRCiMedica! Imag r.g 
U lit) Ijoh 1-'Q:corm~ck.uc!.ar_za 
Prof. J_e Tapson (professor, UCT Electric~1 ;::ngileeringl 
jtapsor.(aJebe uct.ac.za 
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Appendices 

Appendix F Topographical plots 

This section presents the topographical plots showing tne individual chanr>el classification 
accuracies for real tasks verslls 'Imagined tasks, and well as all other combi nations 01 tasks 
not shown in the main text 
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Detection of menrnf tiJ5k refIlled EEG for SCI implemenrntion 

sub 1 

sub 2 

sub 3 

sub4 

sub 5 

Listen to relaxing music ys. imagined 
listening to relaxing music 

Percentage (%) of 
IXlrrect prediction 

Listen to rock music '1$. imagined 
listening to rock music 

Figure F.l: Topographical plots show"19 SVM classification accuracy for real music task$ versus 

im~Qined music tasks 
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sub 1 

sub 2: 

sub 3 

IUO! 

Lotft hand movl!'ffi .. nt vs Imaglnt'd left 
handmov ...... nt 

, 
.• ,", 

Percefl\<lge (%) of 
OOI'rect predictIOn 

App;lnd~ 

RIght hand mov .. men~ v&. lmagined 
right hand moV_lIt 

Figure F .2: Topographical plot s shOWIng SVM dais. fieao:"," aerurocy for r ..... 1 hand 1TlOI/8t'T'IeI'\t task, 

venus imagined hand movemen t tasks 

'" 
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DetectiOI1 Of mel1tal task related EEG for SCI implemel1tatiol1 

sub 1 

sub 2 

sub 3 

sub 4 

sub 5 

Imagined listening to relaxing music 
~s_ imagined listening to rock mllSic 

Percentage (%) of 
correct prediction 

Imagined left hand movement vs. 
Imagined right hand movement 

Figure F.3: T opographcal p,"ls srCM'in9 SVM classiocalion accuracy lor Imagined rela. versus 

ima~ined rock music tasks and imagined left versus rnagined ri9111 hand movemenl 

la"" • . 
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s ub 1 

.ub 5 

lmagi ...... 1;"I"ni"lllo .ela_ing mus ic. 
\/5. ~gi"""lelt hend mov_nt 

Peroeotage (%) 01 
OOI'rec\ prediction 

ImagiMdI.tenlng10 .e laxing ..... ;.;: 
\IS. imagined lighl hand movt_nt 

Flgu.e F." : Topog raphical plata s.howIng SVM cianifK;alion accl,II'3cy lor imagiroed rellJ(ing mlJ$ ': 

task versus imagined left ood nght r.;.nd movement tasks 
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Detection of mental task related EEG for BCI implementation 

sub 1 

sub 2 

sub3 

$ub4 

sub 5 

Imagined listening to rock music vs. 
imagined lett hand movement 

Percentage (%) of 
correct prediction 

Imagined listening to rock music vs. 
imagined right hand movement 

Figure F.5: Topographical plcts showlrlg SVM classifICation acClJracy for imagiood rock music task 

versus imagined left and right hand movement tasks 

'" 
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sub 1 

sub2 

sUbJ 

sub4 

subS 

Mental arithmetic vs. imagined 
listening to relaxing music 

Percentage (0/0) of 
correct prediction 

Appendices 

Mental a';l.hmetk vs. imagined 
listening to rock music 

Figure F .6: Topographical plo\$ showM1Q SVM classlflCatloo accuracy for mental arithmellC task 

versus imagiood music tasks. 
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sub 1 

sub2 

sub3 

sub 4 

sub 5 

Mental arithmetic vs. imagined left 
hand movement 

Percentage ('Yo) of 
correct prediction 

Mental arithmetic vs. imagined right 
hand movement 

Figure F .7: T opoQf6lphical plots '00w1t'9 SVM cla"s~ication accuracy for mentaj arlttvnetl<:: task 

versus ImaQined rn.nd movement task. 

'" 
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Detection of mental task related EEG for DCI implementation 

Appendix H SVM validation results 

This classification results from SVM toolbox testing are shown in table H 1 belaw 

The two sine waves to be classified are: 

51 = 2"sin(2-pi-1 0"tj+k1"sin(2"pi"k2'tj+ 2" sin(2"p'"25"tj; 

52 = 2" sin(2"pi"1 0"tj+3"sin(2'pi-16"t)+ 2"sin(2"pi'2S"t): 

where k1 and k2 are amplitude and frequency variables 

Tabk! H.t: The rercentage ot c,.-reel cI.ss;kation with varying "mplitlld~ {kl) and 
frequency {k2). 

- 1 - -·-T-·-----~-~--~-~--~-~-­

f-"'C'"'"'C.C-'"'"·"'--'""·''--'"'""'-f-'"''·''-f-'"''·"'-f-'"'"''-f-'"'","'-f-'"'c.5.. 18.0 1.0 100 100 100 100 100 100 100 tOO 100 

1.5 100 100 lQ.Q..._JOO. 100 100 100 100 100 

2.0 100 100 100 100 SO 100 100 100 100 

2.5 100.~ .. 1QO 100 too 50 100 100 100 100 

3.0 100 I 100 100 50 50 50 100 

3.5 100 100 100 100 50 100 100 - -

100 1 ... ,100 
100-;-- 100 

f-".'"-f-'""''"-+-'"''''o'_+ ,"",,_+--,,100 50 100 100 100 100 
45 100 .1p0_ .. _lOQ. _,"",,,-+-",'~O"'-t-'"O~O--,--,,"OO,-_,"O,"-+--,,"~"'--1 

~".'"_~'""'~~_'""'~~_'""'''-~_'"""O~~'""""~~'""""~_'""""~_12,9._ 100 

The results shaw that FfT-SVM is more sensitive to change in frequency than change in 

amplitude 
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Appendices 

Appendix I MATlAB Code 

This section contains the MATLAB codes used for EEG data analysis. The files include: 

<III Read BrainBay archive file 
<III EEG data preprocessing 
<III Find frequency component of single channel data 
<III Compute classification results for each channel 
<III Append channel labels to results 
<III Plot topographical plots 
<III Test SVM toolbox 

129 
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Detection of mental task related EEG for SCI implementation 

1.1 Read BrainBay archive file (ModularEEG) 

%%%%%%% read ARC %%%%%%%% 
%% read data from the BrainBay archive file %% 

function readARC == readARC (testnum) 

testfile = [testnum '.arc']; 

tid =fopen(testfile,'r'); 

ch1_vector == []; 
ch3_vector::: []; 
ch4_vector = [J; 

[test1_header, count]=fread(tid,255,'uintS'); 
[test1_discard, count]=fread(fid,7680,'uint8'); %% discard first 30s 

for data_size = 1 :84480 % 4mins = 61440% 5mins==76800 1min = 15360 30s::: 76S0 

for loop = 1:17 
Itest1_data, count]=fread(tid, 1 ,'uint8'); 

iftest1_data:::::: 165 
[test1_data, count]:::fread(tid,1 ,'uint8'); 
if test1_data === 90 

break; 
end 

end 
end 

[test1_data, count]==fread(fid,15,'uint8'); 

if count < 15 
break; 

end 

chi_sample = test1_data(3)*256 + test1_data(4) - 512; 
ch3_sample:: test1_data(7)*256 + test1_data(8) - 512; 
ch4_sample::: test1_data(9)*256 + test1_data(10) - 512; 
ch1_vector == [ch1_vector; ch1_sample]; 
ch3_vector = [ch3_vector; ch3_sample]; 
ch4_vector:: [ch4_vector; ch4_sample]; 

end 

fclose(fid) 

eval(['save sub17 _C testnum '.mat']); 

return; 

%%%%%%%%%%%%%%%%%%%%% 

1.2 EEG data pre-processing (GSN - EEGLAB) 

%%%%% EEG pre-process %%%%%%%%%% 

clear all; close all; 
eeglab; 

%%t1 
eegfile = 'sub17_U1'; 

130 
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eval(['EEG :: popjmportdata( "dataformat", "matlab", "data", "C:\Documents and 
Settings\Administrator\Desktop\EEG experiment oct 2006\subject17 (aadil)\' eegfile '.mat", "setname",'" eegftle"', 
"srate",256, "pnts",O, "xmin",O, "nbchan",3);']); 
EEG :: eeg_checkset( EEG ); 
EEG :: pop_eegfilt( EEG, 1, 0, [I, [0]); 
EEG.setname::'sub17 _f1 '; 
EEG :: eelLcheckset( EEG ); 
EEG ::: pop_eegfilt( EEG, 0, 40, [I, [0]); 
EEG ::: eelLcheckset( EEG ); 

%%% save set 
eval(['EEGsetname :: ... eegfile '_bpf.set'''J); 
EEG ::: pop_saveset( EEG, EEGsetname, 'C:\Documents and Settings\Administrator\Desktop\EEG experiment 
oct 2006\subject17 (aadil)\'); 

%%12 
eegfile:: 'sub17J_12'; 

eval(['EEG:: pop_importdata( "dataformat", "matlab", "data", "C:\Documents and 
Settings\Administrator\Desktop\EEG experiment oct 2006\subject17 (aadil)\' eegfile '.mat", "setname",'" eegfile "', 
"srate",256, "pnts",O, "xmin",O, "nbchan",3);']); 
EEG::: eeg_checkset( EEG); 
EEG :: pop_eegfilt( EEG, 1, 0, [I, [0]); 
EEG.setname::'sub17 _f1 '; 
EEG :: eeg_checkset( EEG ); 
EEG :: pop_eegfilt( EEG, 0, 40, [j, [OJ); 
EEG::: eeg_checkset( EEG); 

%%% save set 
eval(['EEGsetname :: '" eegfile '_bpf.set"'J); 
EEG:: pop_saveset( EEG, EEGsetname, 'C:\Documents and Settings\Administrator\Desktop\EEG experiment 
oct 2006\subject17 (aadil)\'); 

%%%%%%%%%%%%%%%%%%%%%%%% 

1.3 Find frequency component of single channel EEG data 

%%%%%%%% find frequency vector %%%%%%% 

function freq_m = find_frett-vector(raw_vector, ffUength, slide-pt, sum_bands) %% take in raw_eeg, ffUength 
and sliding window percentage in decimals (0.2 for 20%) 

sample_rate:: 200; 

epoch_size:: ffUength*sample_rate; 
index_vector:: [1 :epoch_sizej; 
frett-vector:: (index_vector-1 )*sampleJate/epoch_size; 
freq_vector::: freq_vector'; 

sliding:: round(slide_pt*epoch_size); 
num_epoch::: round(length(rsw_vector)/sliding - epoch_size/sliding) -1; 

for k:: 0:num_epoch-1 
current_epoch1 :: raw_vector(k*sliding+1 : k*sliding+1 + epoch_size-1); 
currenCepoch1 :: hanning( epoch_size). *currenCepoch 1; 
currenCepoch1 :: current_epoch1'; 
fft_epoch :: abs(fft(currenCepoch1 )*2/epoch_size); 
matrix_ch:: [matrix_ch; fft_epoch]; 

end 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% filter bank 
frett-v:: [J; 
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if sum_bands :::: 0 %%%%%%%%%%%%%%%%%%%%%%%%%% no summing of bands 
for epoch:: 1 :num_epoch 

for freq ::: 1 :30 

freeLv(freq) :: matrix_ch(epoch,freq+4); 
end 
freeLm :: [freeLm, freeLY']; 

end 

sum_bands 
elseif sum_bands =:: 1 %%%%%%%%%%%%%%%%%%%%%%%%% sum the bands 

for epoch:: 1 :num_epoch 
for freq = 4:7 

theta(freq-3) = matrix_ch(epoch,freq); 
end 

for freq == 8: 13 
alpha(freq-7) :: matrix_ch(epoch,freq); 

end 

for freq = 14:30 
beta(freq-13) :: matrix_ch(epoch,freq); 

end 
freeLv:: [freeLY, mean(theta)J; 
freeLv::: [freeLY, mean(alpha)]; 
freq_v :: [freq_v, mean(beta)]; 

freeLm = [freq_m, freeLv']; 
freeLv::: []; 

end 

sum_bands 
elseif sum_bands ==:: 2 %%%%%%%%%%%%%%%%%%%%%%%%%%% beta band only 

for epoch:: 1 :num_epoch 
for freq :: 14:30 

beta(freq-13) = matrix_ch(epoch,freq); 
end 
freeLm :: [freq_m, beta']; 
beta::: []; 

end 

sum_bands 
elseif sum_bands ::= 3 %%%%%%%%%%%%%%%%%%%%%%%%%%%% alpha band only 

for epoch::: 1 :num_epoch 
for freq :: 8:13 

alpha(freq-7) :: matrix_ch(epoch,freq); 
end 
freeLm ::: [freeLm, alpha']; 
alpha::: []; 

end 

sum_bands 
elseif sum_bands == 4 %%%%%%%%%%%%%%%%%%%%%%%%%%%% theta band only 

for epoch:: 1 :num_epoch 
for freq :: 4:7 

theta(freq-3) ::: matrix3h(epoch,freq); 
end 
freq_m = [freq_m, theta']; 
theta:: []; 

end 
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elseif sum_bands:::: 5 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%alpha & beta 
for epoch:: 1: num_epoch 

for freq :: 8:30 
a_b(freq-7) :: matrix_ch(epoch,freq); 

end 
freq_m :: IfrecLm, a_b']; 
a_b:: []; 

end 

elseif sum_bands:::: 6 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% alpha & theta 
for epoch:: 1 :num_epoch 

for freq :: 4:13 
a_t(freq-3) :: matrix_ch(epoch,freq); 

end 
freCLm ::::: [freCLm, a_t']; 
8_t::::: []; 

end 

elseif sum_bands :::: 8 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%beta1 band only 

for epoch::::: 1 :num_epoch 
for freq :: 1~O 

beta(freq-13) = matrix_ch(epoch,freq); 
end 
freCLm :: [freCLm, beta']; 
beta:: []; 

end 

elseif sum_bands == 9 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%beta2 band only 

for epoch::::: 1 :num_epoch 
for freq :: 21 :30 

beta(freq-20) ::::: matrix_ch(epoch,freq); 
end 
freCLm ::::: [freq_m, beta']; 
beta = []; 

end 

elseif sum_bands:::: 10 %%%%%%%%%%%%%%%%%%%%%%%%%% test sig gen 
for epoch:::: 1 :num_epoch 

for freq :::: 1 :30 

freq_v(freq) ::::: matrix_ch(epoch,freq); 
end 
freq_m = [freCLm, freq_v']; 

end 

end 

return; 

%%%%%%%%%%%%%% 
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1.4 Loop through all the channels, compute classification results for each channel 

%%%%%%%% loop all ch %%%%%%%% 

ss==1;fft==1; 
eval(['load sub' num2str(sub) '_mt' num2str(t1) '.mat']); 
eval(['load sub' num2str(sub) '_mt' num2str(t2) '.mat']); 
svm_ch == (]; 
%tic 

eval(['load sub' num2str(sub) '_chanlocs']); 
for k == 1 :Iength(this_chanlocs); 

eval(['fre(Lm1 = find_freq_vector(tst' num2str(t1) '(' num2str(k) ',:)" " num2str(fft) ',' num2str(ss) ',' 
num2str(sum_bands) ');']); 
eval([,fre(Lm2:: find_freq_vector(tst' num2str(t2) '(' num2str(k) ',:)" " num2str(fft) ',' num2str(ss) ',' 
num2str(sum_bands) ');']); 

mi ::: freq_m1'; 
m2 = freq_m2'; 

len = min(length(m1), length(m2)) 
random_v:: randperm(len); 

m1_tm :: []; 
m2_tm = []; 
m1_tst = [I; 
m2_tst == [I; 

for i ::: 1 :round(lenl2) %%%% training set %%%% 
data1 == m1(random_v(i), :); 
m1_tm ::: [m1_tm; data1]; 

end 

for i = 1 :round(lenl2) 
data1 = m2(random_v(i), :); 
m2_trn::: [m2_tm; data1]; 

end 

for i :: round(lenl2)+1 :Ien 
datai ::: mi(random_v(i), :); 
mi_tst:: [mi_tst; datai]; 

end 

for i :: round(lenl2)+1 :Ien 
data1 :: m2(random_v(i), :); 
m2_tst :: [m2_tst; data 1]; 

end 

tp_trn :: ones(round(lenl2), 1); 
tn_trn == -ones(round(lenl2), 1); 
tp_tst == ones(len-round(lenl2), 1); 
tn_tst::: -ones(len-found(lenl2), 1); 

%%%% testing set %%%% 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

X_trn :: [m1_tm; m2_tm]; 
X_tst:::: [m1_mt; m2_tst]; 
Um:: [tp_tm;tn_trnJ; 
Ust:: [tp_tst;tn_tstJ; 

[nsv, alpha, bO] = svc(X_trn,Urn, 'linear', 0.1); 
predictedY = sVCQutput(X_tm,Um,X_tst,'linear',alpha,bO, 1); 

134 



Univ
ers

ity
of 

 C
ap

e T
ow

n

e :: abs(predictedY - Ust); 

mce = mean(e) 

Ccorrect::: 0; 
for i :: 1 :length(predictedY) 

if predictedY(i) < ° && Ust(i) ==::-1 
Ccorrect == Ccorrect + 1; 

else if predictedY(i) > ° && Ust(i) == 1 
Ccorrect ::: t_correct + 1; 

end 
end 

percenCcorrect :: Ccorrectllength(predictedY) 

ch :: [sub, t1, t2, sum_bands, mce, percenCcorrect, kJ; 
svm_ch :: [svm_ch; chJ; 
end 

retum; 

%%%%%%%%%%%%%%%%%%%%%% 

1.5 Append channel labels to results 

%%%%%% add channel label %%%%%%%%%%% 

%%%%%% add chJabels %%%% 

clear; 
for sub:: 16:16; 

eval([,load sub' num2str(sub) '_svm_beta_ave']); 
eval(['load sub' num2str(sub) '_labels']); 
k:: length(ave_svm)lIength(ch_label); 
ch_labeLall :: [l; 
for n :: 1:k 

ch_labeLall :: [ch_labeLall; ch_label]; 
end 

eval(['save sub' num2str(sub) '_svm_beta_ave_ch ave_svm']); 
end 

%%%%%%%%%%%%%%%%%% 

1.6 Plot topographical plots 

%%%%%%%%%%%% plot topoplot %%%%%%%%%%%%%% 

clear all 
sub == 17; 
eval(['load sub' num2str(sub) '_svm_alpha_ave']); 
eval(['load sub' num2str(sub) '_chanlocs']); 
k = length(this_chanlocs); 
n = 0; 
fort1 :: 1:1 

fort2:: t1+1:11 
figure; 

Appendices 

topoplot(ave_svm(n*k+1 :n*k+k, 6), this_chanlocs, 'maplimits',[O, 1], 'electrodes', 'Iabelpoint'); 
eval(['title("sub' num2str(sub) ': t' num2str(t1)' t' num2str(t2) "',"fontsize", 16 )']); 
colorbar; 

pic = ['sub' num2str(sub) '_' num2str(t1) '_0' num2str(t2) '_alpha_ave_topo']; 
eval(['print(gcf, "-dpng",'" pic "')']); 

close all; 
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n = n+1; 
end 

end 

%%%%% 

1.7 Test SVM toolbox 

%%%% test SVM toolbox %%% 

clear all; 

t :: 0.005:0.005:60; 

% s1 :: 2*sin(2*pi*1 O*t)+3*sin(2*pi*15*t)+4*sin(2*pi*30*t); 
% s2 = 2*sin(2"pi*20"t)+5"sin(2"pi*15*t)+1"sin(2"pi*25*t); 

tesCcorrect :::: U; 

for k1 = 1 :0.5:5 
correct :::: []; 
for k2:: 14:0.5:18 

s1 :::: 2*sin(2*pi*1 O*t)+ki *sin(2*pi*k2*t)+ 2*sin(2*pi*2S*t); 
s2 :::: 2*sin(2*pi"10*t)+3*sin(2*pi*16"t)+2*sin(2*pi*2S*t); 
ss :::: 1; fft :: 1: sum_bands: 5; 

eval(['freq_m1 : find_freq_vectoUestsvm(s1: num2str(fft) ',' num2str(ss) ',' 
num2str(sum_bands) ');']); 

evsl(['freq_m2 : find_freq_vectouestsvm(s2,' num2str(fft) ',' num2str(ss)',' 
num2str(sum_bands) ');']); 

m1 = freCLm1'; 
m2 :::: freq_m2'; 

len = min(length(m1), length(m2)) 
random_v = randperm(len); 

m1_tm:::: []; 
m2_tm:::: []; 
m1_tst:: [J; 
m2_tst:: [J; 

for i = 1 :round(len/2) 
datai :: m1(random_v(i), :); 
m1_tm :: [m1_tm; data1); 

%%%% training set %%%% 

end 

for i = 1 :round(lenl2) 
data1 :: m2(random_v(i), :); 
m2_tm = [m2_tm; data1]; 

end 

for i :::: round(!enl2)+1 :Ien 
datai-: m1(random_v(i), :); 
m1_tst:::: [m1_tst; data1]; 

end 

for i :: round(lenl2)+1 :Ien 
data1 :::: m2(random_v(i), :); 
m2_tst:::: Im2_tst; data1]; 

end 

tp_trn = ones(round(lenl2), 1); 

%%%% testing set %%%% 
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tn_tm == -ones(round(len/2), 1); 
tp_tst == ones(len-round(len/2), 1); 
tn_tst = -ones(len-round(lenl2), 1); 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

X_trn = [m1_tm; m2_tml; 
X_tst == [m1_tst; m2_tst); 
Um ::: [tp_tm;tn_tm); 
Ust = [tp_tst;tn_tst]; 

%%%%%%%%%%%%%%% 

[nsv, alpha, bO] = svc(X_tm,Um, 'linear', 0.1); 
predictedY = svcoutput(X_tm,Um,X_tst,'linear',alpha,bO, 1); 
e = abs(predictedY - Ust); 

mce = mean(e) 

C correct == 0; 
for i = 1 :length(predictedY) 

if predictedY(i) < 0 && Ust(i) === -1 
ccorrect::: Ccorrect + 1; 

elseif predictedY(i) > 0 && Ust(i) :::= 1 
ccorrect::: Ccorrect + 1; 

end 
end 

percenCcorrect::: Ccorrectllength(predictedY) 

%%%% 
correct = [correct, percenCcorrectj; 
end 
test_correct = [tesCcorrect; correct]; 

end 

%%%%%%%%%%%%%%%%%% 
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