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I. Neurophysiological Background
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» Measuring Brain Activity

« Invasive:
— Implanted systems = risk, cost, durability problems
— Positron emission tomography, PET = radiation, cost,
slow response

* Non-invasive:
— Functional MRI = /arge equipment, cost, slow response

— Near-Infrared Spectroscopy = s/ow response, long term
effects unknown

— Magneto-encephalogram, MEG = /arge equipment, cost
— Electroencephalogram, EEG = /imited resolution, but
* Jow cost
* fast response (i.e., short latency events can be seen)
* portable
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Which areas in the brain are activated by a stimulus or a mental task?



Comparison of Resolutions of EEG, MEG, fMRI, NIRS, PET
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> Neurons and Action Potentials
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> Neurons and Action Potentials
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> Models for Membrane Potentials

Hodgkin-Huxley membrane model
et
# Ereac L Ena 2L Ex

PT bt §

“inside”

“outside”

The Nernst equilibrium potential (for single ions only)

Ey = (RT/ZF) In {{X],/[X],}
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[X] = ion X concentration in moles/cubic meter;

R (8.31 joules/Kelvin/mole) is the ideal gas constant;
T (293°K at 20°C) is the temperature in Kelvin;

F (96400 coulombs/mole) is the Faraday's constant;
Z is the valence of the permeant ions.

e.g., K*(Z=+1)
EK = 38 lﬂg {[K+]uut‘{[K+]in} (mV)

For multiple ions, resting membrane potential:
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Hodgkin-Huxley action potential model

C, d—V—I I, + 1.+,

dt
INa — gNa (V o ENa)popen,Na

— gK(V o EK)popen,K

IL — gLeak (V o ELeak)
Popenna @nd p, . are probabilities of 10n channels

being open, which are assumed to obey first - order

kinetics.



> EEG
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> EEG

« EEG measures the current flow during synaptic
excitation of the dendrites of pyramidal neurons
in the cerebral cortex.

« EEG is a result of joint activity of millions of
underlying neurons activated together.

« The amplitude of the EEG signal is proportional to
the number of synchronously activated neurons.

« The EEG signal is "blurred” version of a real
activity, as signal passes through several layers of
non-neural tissue (meninges, fluid, skull, skin)



» Rhythms of Spontaneous EEG

« delta (<4 Hz): associated with deep sleep, brain disorders.

« theta (4~7 Hz): associated with drowsiness and sleep, stress.
 alpha (8~13 Hz): associated with visual relaxation while awake.
* mu (8~13 Hz): associated with motor relaxation while awake.

« beta (14~30 Hz): normally in sleep, especially in infants and
young children. In BCT, it is usually
associated with mu rhythms.

« gamma (30~80 Hz): associated with perception and
consciousness.



> ERP/EP

An event-related potential (ERP)
is any measured brain response
that is directly the result of a
thought or perception. F3
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Steady State Visually Evoked Potentials (SSVEP) are signals
that are natural responses to visual stimulation at specific
frequencies. When the retina is excited by a visual stimulus
ranging from 3.5 Hz to 75 Hz, the brain generates electrical
activity at the same (or multiples of) frequency of the visual
stimulus. [From Wikipedia]



» International 10-20 system of EEG electrode placement

“erte x

Freauricular
Fy1 point

The "10" and "20" refer to the 10% or 20% inter-electrode
distance. A - Ear lobe, C - central, Pg - nasopharyngeal, P - parietal,
F - frontal, Fp - frontal polar, O - occipital, T - temporal.

[Malmivuo and Plonsey, 1995]




> Biosemi System for EEG Recording




» EEG - Motor Imagery Example
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> Time-Space Visualization of EEG
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» EEG-based Neuroimaging (EEG inverse problem)

The forward equation:

D®=K]J+cl

® < R"*" : scalp electric potentials

J=[J{ J;---J} 1" € R®" : primary current density

J' =(j’ j’ j-)e R™ :three dipole moments at the [" voxel

kl,NV

K =

kl,l

k

| BN

k

Ng.Ny |

e RV~ :]ead field (depending on head model)

k,, =(k', k), ki})e R™ :scalp electric potential at the i" electrode,

due to a unit strength {x,y,z} - oriented dipole at the / " yoxel.

Npgxl1 .
1€ R"* :a vector of ones. c:arbitray constant.
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Minimum norm inverse solution:

Find J by minimizing the following functional w.r.t. J and
c, for given K, @, and «.

F=ll®—-KJ-cllF +allJIF

Using average reference transforms of ®, ie., c=0:

A

J=TO®

T=K'[KK' +oH]"

H=1-11"/1"1

M" is Moore — Penrose pseudoinverse of M.

I :1dentity matrix.



Standardization of the estimate j (SLORETA):

Estimation of the variance of J: LORETA.
S = KT[KKT +oH]K Standardized low
J

resolution brain
electromagnetic

Standardized current density power: tomography

JAS, 1,17,
J € R™ is the current density estimate at the [" voxel.

[S, ], € R is the diagonal block of matrix S,

Some issues: (http://www.uzh.ch/keyinst/loreta.htm)

How to choose head model and K?
How to represent/visualize ® and J? ...



About Head Model:

Not much choice in sSLORETA.

The intracerebral volume is partitioned in 6239
voxels at 5 mm spatial resolution. Thus, sLORETA
images represent the standardized electric
activity at each voxel in neuroanatomic Montreal
Neurological Institute (MNI) space as the exact
magnhitude of the estimated current density.

[Fuchs M, Kastner J, Wagner M, Hawes S, Ebersole JS. A
standardized boundary element method volume conductor model. Clin
Neurophysiol. 2002, 113:702-12.]



Formatting EEG Data for Input:

« EEG data can be input as ascii files.
— In samples * channels format.

Samples

Channels
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4521197464292915e-001 7. 79047 PEI0E4LI0S =002 L ELETETOI46EL0950=-002 L. 1P092E15095464970-008 L. 0LL0ST48995010150-002 1. $16414440600766x-001 -1 0LITENSHIILELI04n-00E 1, 47442420165 4792-00E -4, LT60FETLIEEIE25Em- 102
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Formatting EEG Data for Input:

« One file is generated for each trial:

Subject A Subject A Subject A Subject A Subject A Subject A Subject A  Subject A
Idle 1 Idle 2 Active 1 Idle 3 Idle 4 Active 2 Idle 5 Active 2
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sLORETA explorer (EEG/ERP time domain)

DataType  MumberOfElectrodes(25)  SamplingRateHz(256)  Offset(0) \Jobs  Eile ColorScales Tools  Window  ClearFiles  WiewInfo  Help
DataType~\lorCal | ScalpCol | AnatCol | Sices | A = ¢ | NalpMap | | |

EEG/ERF signals _ n 3D cortex/scalp/electrodes _ Scalp map

Selected t-values EEG/ERP time domain
L Cross at=136.719msz [TF 3E)
eegGFP = 314633
masEE G = 595043 t_va I ues
A Specific time Frame

}“\m —_

TFz/Fage: F‘age: 1M | | | | | |

LeftClick, +Ctrl, +Shft:select TFs or interval; Wheel:vertical scale; RightHold&Mave:lat & amp info




“# sLORETA explorer (sLORETA frequecy domain)

DataTyp
DataType

e FreqResHz(1)
s ol ScalpCol AnatCol Slices AllSlices 3DCortex ScalpMap

ClearFiles ViewInfo
Signals FileExplorer

Offset(0) Jobs File ColorScales Tools Windd Help

Cortex contrast

Scalp contrast

|« | |

Scalp transparency

| EHE| i |

Save « EEGcol GFPcol

| e e

Rsil

“# EEG/ERP signals

AnatColors

CrtxC
SclpC

Initialfiews Jumphd ax Jumﬁl.idir: Jurrrp

ElctiC

EgrC

\Y +5

SclpOn

Crtx0
Sclpd
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}
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(Y] +5 5 A0em 5 o +Sem (%]

MNeuroanatomy [T alairach labels] :
Iv Track [ Append Hit33]1_ -
Walue= -1.12E+0

x| 4|7 =165 Y= 100, Z= -10) (NI coords]
- >

Best katch at 5 mm
Brodmann area 18

ﬂﬂ& Lingual Gyrus

Fist Occipital Lobe

BgCol Font Pen+ Pen-  AvReflsOf

=B

TF:/Page: 255 | Page: 141

lofcFP
maxL b CurrDensSgr
- 247223
I
Mark1=3.28206Hz (TF 4] 30, 7692Hz

] g

SLORETA frequency domain

Multiple frequency values
(left to right) as defined by
cross spectra settings. Click
signals to change TF value.)

TatalTFz=8 Cursors | Help

You can drag/drop files on main pane

(TF 4) = 4t frequency




Il. Pattern Recognition Approach to
EEG Data Analysis

> Basic Steps
Preprocessing/filtering/artefact removal

Feature extraction (spatio-temporal-frequency, higher-order)
Feature selection and dimensionality reduction
Classification (offline training and online adaptation)

> Software Tools
BioSig
EEGLab

sLORETA
Matlab Simulink (online analysis), Neuroscan software.
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> Signal Processing - A Brief Primer

SANAAANNANAN
SRVAVAVAVAVATAVATAY

|_s1=sin(2*pi*t*5) |

sssssssssssss

"V ANNVANNVANVA
SRV ARV RV

| 82=sin(2pi*t*2) |

eeeeeeeeeeeee

s AR
R

| 83=2sin(2pi*t*15)

¥

sssssssssssss

» FT

Fourier

Transform

fffff

FT

ggggggggggggg

fffff
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\AM 1\ MAM.N\AM HMMML 5T

clean

eeeeeeeeeeeeeeeeee

4

noisy
s=s1+s2+s3+random(- 0.5,0.5)

I

2
fffff
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Ideal
Filters

Low-Pass

High-Pass

Band-Pass

Band-Stop

fiHz]

20
riHz]

FiHzZ]

FiHz]



Passband A Real LP Filter

\ Order 5 Chebyshey Type | M

|
] \\ : ~ Fzamp
: Fpass
1) S TR :
E F:E:tl:ll:l
- - --------- - - -
! Rpas=
i) :
:-. -SI:I __________ -: FI:E:tl:ll:l
E :
'% AQb--------- -E Order
= ! 5
! o Ak
i S |5
= =
B0 ; FEr
. -
T
Frequency (Hz)
Cutoff freq.

Rejection freq.




Filter Design Using Transfer Function

23

Ks)  b(1)s?P+ p2)s?P-1+ .+ p(nb+ 1)
H(s) = —= =
S)  a(l)s?@+ g(2)s?@-1+4 ..+ a(na+ 1)
or
H(s) = As) _ (s—A)(s—A2))ts— ZAn))

(s—pM)(s— p(2))-ts— p(n))

Cutoff frequency, (rejection frequency,) order, filter type

=>» values of transfer function parameters.
lIR (non-zero a(k) and b(k)) or FIR (only non-zero b(k)):

More accurate amplitude frequency response or linear phase
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unfiltered

Amplitude

0s 1 1.5 2
Time (seconds)

2nd order

Amplitude

Mo g,
U

15 20 25
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02z 04 06 08 1 12 14 16 18
Time (seconds)

6th order

AN

Amplitude

WY

15 20 25
Frag. [Hz])
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> EEG Pre-processing (Bandpass filtering, Artefacts removal: ICA, ...)

Lowpass
Butterwort
order = 2
cutoff at 100Hz

Signal —>

Antialiasing
Analogue filter

—>

Butterwort
order = 2
cutoff at 1Hz

Highpass filter
Analogue filter

order > 1
at 50Hz
(60Hz in some countries)

Analogue
Notch filter

/\

order = 4

reverse

Butterworth

cutoff at 1Hz
forward and

Butterworth

order = 6

cutoff at 100Hz

forward a
reverse

Digital
Highpass

—>

Digital

nd

only one notch
filter is needed

/
IIR @

order = 2
at 50Hz (60Hz in some countries)

—>

Lowpass

Digital Notch
Filter

Note: the ‘signal’ above is often subtracted from another
common reference location
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» Why Feature Extraction?

Features are some values computed from the signals.

Features should be
— Representative of the signal
— Reproducible

Other criteria of the features will depend on the
application

— Smaller dimension than the signal

— Inter-class variance high/intra-class variance low

— Robust/enhanced representation of the signal (invariant to
changes in noise, scale factors, etfc.)

I't is usually much easier to classify features than raw
signals.



» Commonly used ERP/EEG features
* Negativity/positivity amplitude, latency

e.g., Socially withdrawn children have smaller mismatch
negativity (MMN) amplitude and longer MMN
latencies in their auditory ERP.

* Power over frequency bands
(using bandpass filters or Fourier transform)

e.g. Trait shyness is related to greater relative
resting right frontal EEG alpha activity, whereas
trait sociability is related to greater relative
resting left frontal EEG alpha activity.



AR model coefficients - another example

: [0 In the example, 4 EEG
| EEG during math computation plots for one subject are
— shown from two mental
ARc=[-1.5661 0.7114 -0.1843 activities (math’s activity

w—w == -0.0983 0.2179 -0.0769 and imagining an object

being rotated)
EEG during math computation

[0 Can you say, which is the
' ARc=[-1.6091 0.603 -0.1931 you say, | |
0432 02112 -0.0553 maths and object rotation
e 0 ' ha ] activity EEG from the
?
EEG during object rotation plots
—_
ARc=[-0.6128 -0.1677 -0.1159 [ Now, use the AR
o w o w s = -0.0733  0.0179 0.0299] coefficients (order 6); can

you see which is which?
EEG during object rotation
| —
ARc=[-0.5647 -0.2189 -0.0826
w—ww == -0.0756  0.0083 0.0215]
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AR model:

i=1

Yule-Walker equations:
P
7/m — Zai ) 7/m—i + 682 . 5m,0
i=1

m=0,1.,..., p, 682 = E[Ef],
Vi = E[Xt ) xt—m]

If

AR model 72
coefficients :




» Higher-order Statistics as BCI Features

f2

0.4

0.3

0.2

0.1

-0.1
-0.2
-0.3
-0.4

-0.5

Bispectrum estimated via the direct (FFT) method
T T T T T T T

77777777777777777777777777777777777777777777777

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

———————————————————————————————————————————————

f2

0.4

0.3

0.2

0.1

-0.1
-0.2
-0.3
-0.4

-0.5

Bispectrum estimated via the direct (FFT) method
T T T T T T T

777777777777777777777777777777777777777777777777

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

************************************************

————————————————————————————————————————————————

(b)

(a) Bispectrum of an EEG signal corresponding to a left-hand

motor imagery:

(b) Bispectrum of an EEG signal from the same channel,
corresponding to a right-hand motor imagery.
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Bispectrum

The third-order cumulant:
C,.(m,n) = E|x(k)x(k +m)x(k +n)]

Bispectrum is defined as the 2-D Fourier transform
of the third-order cumulant:

oo

B(@,0)=Y 3 C,.mn)-exp[-j2(mm +no,)]

Nl=—00 J]=—00

Feature definition

> Higher-order statistics features



> Approximate Entropy as BCI Features

An EEG signal segment: x=[x(1), x(2), ..., x(N)]
L1

A sequence of vectors: y=[y,, y, ..., V4]
y=[x(i), x(i+7), x(i+27), ..., x(i+(m-1)7)]

g
C"(r)= N_:_l) ®(]:]__ (i;;:ly)jH)
" (r)= ! N_f_ﬁl[ci’" (r)]
N-(m-=1) “5

ApEn (m,r) =®" (r)—®"'(r)

m . embedding dimension, r: tolerance of comparison,
O(v): Heaviside function.

45



> Combination of Features

Band power or power spectrum density

AR coefficients / reflection coefficients
Wavelets

Entropy, approximate entropy, complexity
Higher-order statistics, e.g., bispectrum-based

Other linear/nonlinear transformations, e.g., PCA, CSP

umber of
possible subsefs:

> NUml(N —m)!

Spatio-temporal-frequency integration.

Other feature fusion methods.




> FDHSFFS for Feature Subset Selection

Number of selected features k =0
Number of remaining features n=N

T Filters used:

Growing phase:

1) Use filter to select one of the remaining features best
to add to the current selected feature subset; D BI P MRMR
2) Use wrapper to compare the best selected feature

subsets after and before adding a feature. Update
the best feature subset if performance improved.

Wrappers used:

k=k+1, n=n-1
k=k-1, n=n+1 LDA, SVM, KNN
no i
< k>2?
Remove a selected feature
yes

Pruning phase:
1) Use filter to select one of the selected features best
to remove;
2) Use wrapper to compare the best selected feature
subsets after and before removing a feature.

Two basic issues:
Search & evaluation

Performance improved?

lno

no

Stop criteria satisfied? < Do not remove a selected feature

l yes

End
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» Multi-Objective Evolutionary Methods
for Channel Selection

« Every channel is modelled as a binary variable, with O
for channel not selected and 1 for a selected channel.

 Each individual, a string of O's and 1's, represents a
possible solution.

« First objective is the error rate defined as:
E=1-CV, CVis the N-fold cross validation accuracy.

« Second objective is the number of selected channels.

« The goal is to find a set of solutions that minimize

both objectives.
 Algorithms: Multi-Objective PSO (Reyes and Coello 2005),
MOEA/D (Zhang and Li 2007)
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Number of Selected Channels

MOPSO Pareto Front

026
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Mumber of Selected Channels

18

I

—
(=]

—
=

MOEA/D Pareto Front

F
E =
G« A« F De c
Y ’ F E E \ |
G A Ly c
G' A F
Error

0s
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Selected Channels for Subject A — An Example

e
F.":‘_.

° %5

®

& ﬁi‘f'
|"ﬁ
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°

F‘:

¥

-il’ fi

-ir-:f:
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> Classification (Pattern Recognition)

- Decision tree

Key issue: a good rule base ( A hierarchical set of
“If conditions Then decision”). It is usually difficult
to design a complete rule base, e.g., thresholds
selection.

- Similarity matching

Popular method: k-nearest
neighbours (k-NN).

The class of a data point or
feature vector (x,) is determined
by the class of the majority in its
k nearest neighbours in the sample |
data set. (e.g., k=1, 5, or 7) Key issues?




* Linear discriminant analysis (LDA)

The class of a data point or
feature  vector  (x,) IS
determined by a decision line
which is designed by the
Fisher's discriminant criterion:
to maximize between-class
distance and minimize within-
class covariance.

1 if v>0
0 if v<0

y=sgn(w' x+w,), sgn(v)= {



Mean vectors of class 1 and class 2:

XX =YX,

1 l’lecl 2 ne C2

N+N,=N, C, represents data from class k (k=1,2).

Projections of the mean vectors via w:

V,=w'm, V,=w'm,
Between-class distance on projected space: IV,-V,|

Within-class covariance on projected space:

— Z:(Vn_‘/l)2 522: Z(vn_VZ)z

neC, ne(C,

V=W X

n n



Fisher's criterion:

V,-V,)?  w'S,w
SC+S; wS,w

Sy = (m1 - mz)(ml - mz)T

Sy = Z(xn -m,)(x, —m,)" + Z(Xn -m,)(x, —m,)"

neC, ne(C,

J(w)=

Means and Weights
covariance of the
of the data classifier

LDA solution:

w=2S5,(m —m,)

Nm, + N, m,
N, + N,

T
W,=wm, m=



B i i Thin e i e B W R e

feature 2
+
™,

O - class 1
+ lclass 2 -

feature 1
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- Artificial neural networks

The class of a data point or
feature  vector (x,) s
determined by a decision line
(linear or nonlinear) which is
designed by a learning
process.

Key issues: collection  of
representative training data,
appropriate learning process,
e.g., back-propagation, Elman
network.

Vi = ¢[Z Wklhl] — ¢[Zwkl¢ (ZWZJXJ )]

=0




- Data distribution based classifiers

Naive Bayesian classifier:

“Naive" assumption: Each feature is conditionally
independent of every other feature.

p(c=class 1 x,...x )= p(c= classl.)H p(x; lc=class,)

J=1

class(x,,...,x, ) =argmax p(c = class; | x,,...,x,)

class;

Gaussian Mixture Model (GMM).
Hidden Markov Model (HMM).



» Online Adaptation of Self-paced BCI Systems

1) Incremental updating of means and covariances for
LDA, Naive Bayesian, Gaussian Mixture Model
(GMM), Hidden Markov Model (HMM), and
Conditional Random Fields (CRF) adaptation.

« A standard approach: If a new input x, is from the

j™ class (by label or clustering):
r—1

lut :lut—l_l_xt_luj
L N.+1
g _ (N, =DET +(x — ), — )"
J N

J
. -th
(N ; : number of samples from the j= class)



* Incremental EM (Expectation-Maximization)
-unsupervised approach

E-step:
7z§-‘1§z(xt Vs l S Iy

K —1 1 1
DIRY. /e (C FAV7 A iy

y(z;)=p(z;=11x;)=

M-step: 1 B
iy =— N7z xg)
N;
st —(Nt12t1+(- ot _INT
J Nt yZ])(Xt ,Ll])(Xt ﬂ]))

!
N Nt1+}’Z 7Z N
(])



Classification using GMM:

K
p(c=class; |x, )= Z p(c=class; 1 z,)p(z, 1X,)
k=1

! ! !
7T N(X, |y, 2
Py 1X;) = Kk O, LMo %)

Zj=1”§'x(xt 5. 25)

p(c — Classi | Zf ) - Probability of being class i if data from component k

class(x,) = argmax p(c =class; |1x,)

class;



2) Extended Kalman filter based adaptation of LDA and
dynamic logistic regression.

eg.,

B 1
’ 1+ eWT(D
u=y(l-y)
W1 =W._4

Pm—l — I)t—llt—l + Qt—l

Q._=q.1

q,_, =max{/ _ ,0}

I, =u_, —u_,_,

Wi = W T Kt (Zt o ytlt—l)

Ptlt Ptlt I_K U, 1( tle— l(pt)T
K I)tlt 1 (P

t C+ut|t 1 t2|t 1 t

t|t 1 (p tt— I(Pl



3) Other methods:

Adaptive classification using sequential Monte Carlo
sampling (idea similar to particle filtering)

[JLW. Yoon, S.J. Roberts, M. Dyson, and J.Q. Gan, “Adaptive
classification for brain computer interface systems using sequential
Monte Carlo sampling,” Neural Networks, vol. 22, no. 9, pp. 1286-1294,

2009.]

4) Some issues:

Overfitting/underfitting to new data, forgetting, ...



lll. EEG-based BCI Experiment Design

» Thought-Driven Control of Mobility Devices via BCI

[ Signal Acquisition }.— )[ Preprocessing ]
ﬁ M th O 1
b Channels i Processed
- Data

W
[ Feature Extraction ]

i M
| Features
A"

[ Feature Selection ]

M
Features

________________

_)[ Pattern Matching ]

i Command
v

&
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> BCI Protocols

Cognitive/mental tasks

Electrode placement

Synchronous or asynchronous (self-paced)
Spontaneous EEG or evoked potentials (P300, SSVEP)

Data recording and labelling for offline analysis
Subjects: healthy or disabled, male or female, ethics, ...
Online subject training with biofeedback

Online adaptation



Motor Imagery — Left Hand

By SFFS By SLORETA

e BA4: Primary Motor Cortex.

e Precentral Gyrus.
— Upper Alpha / Mu (10.5 — 12 Hz).
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Motor Imagery — Right Hand

By SFFS By SLORETA

e BA3: Primary Somatosensory.

e Postcentral Gyrus.
— Upper Alpha / Mu (10.5 — 12 Hz).
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Auditory Imagery

By SFFS By SLORETA

e BA21: Auditory Association Area.

e Middle Temporal Gyrus.
— High Beta (21 — 30 Hz).
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Phone Imagery

By SFFS By SLORETA

e BA21: Auditory Association Area.

e Middle Temporal Gyrus.
— High Beta (21 — 30 Hz).
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Navigation Imagery

By SFFS By sSLORETA

e BA5: Somatosensory Association.

e BA32: Spiers et al: Activity correlated with
proximity to the goal during navigation.

e Paracentral Lobule & Cingulate Gyrus.
— Upper Alpha (10.5-12 Hz ) & Beta (18.5 — 21 Hz).
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Mental Arithmetic

By SFFS By SLORETA

e BA47: Semantics & Syntax.

e |nferior Frontal Gyrus.
— Low Beta (12.5 - 18 Hz)
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Synchronous BCI (cue-based, COMPUTER-driven)

e e B
(;'_f“thﬂught" H} %‘f"thoughﬁ C{ "ThDUQhT"\B
I‘H"‘h.___h_ J’L iy _‘“-h-—h_h _F’__,r_ _-:} k“"ﬁ,__ —1_#>
L > -
cue = cue - cue e
E E N J l l E E N
classification only in predefined windows time.
Asynchronous BCI (uncued, USER-driven)
e P Problems:
{-thmlgmn \} Eﬁthgugmp minimization of FP
e S Differentiation
= continous classification = between mental
= . activity and rest
— —— e ————————— TP — True Positive
TP FP TP FF — False Positive

[Courtesy of BCI Lab, Graz.]
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Graz Synchronous BCI Timing and Labelling

o
Fixation cross ———
+ e
=== d
beep ="

| CUE .

0 1 2 3 4,5 6 7 B8s

I-| classifier |—1

Left/Right
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Specially designed scenario (hexagon grid) for online
labelling and thus online training of self-paced BCT

A AN N 4 R Turn Right
/ .

N A Forward
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Hangman game for online labelling and thus online
training of self-paced BCI

L A M B ‘P‘K“L‘A\

e

I




> Basic Setup of the Essex Se/f-paced Motor Imagery

Based Online BCI

EEG data acquisition

FC3 FC1 Fcz Fc2 FC2
@ & o o @

DECNCRONQ

e ©® © o
cP3 CP1 CPz CP2 ¢pa

GND

5-channel bipolar electrodes; 250Hz

3 motor imagery tasks:

» left hand - turning left
» right hand - turning right
» feet 2 moving forward

Features:
Selected band power and...

Classification:
LDA classifiers and others.

Key to success:
Online training/adaptation.
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IV. On-line BCI Systems at Essex

Motor Imagery Based
Essex Online BCI for
Simulated Robot Control

By Essex AABAC Team

20th February 2007




Essex Online Adaptive Self-paced BCI
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Essex Online Self-paced BCI for Mobile Robot Control

=—=i4

-'?-- | for Robot
R I'I'[I'QI _::

ssex AABAC Team

10th May 2007
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Essex Self-paced BCI for Wheelchair Control

_Hybird Gontroliof
Robotic\Wheelchair

University of Essex, UK
August, 2008
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V. Other Applications

Early detection of social withdrawal in children

Early detection of learning difficulties in children

Early intervention via biofeedback and its evaluation

Medical diagnosis, Rehabilitation
...... (Any other suggestions?)
=> Salient features at specific locations/frequency

bands/time, corresponding to well-designed cognitive
tasks

= Effective feedback and evaluation
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