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TALIT JUMPHOO : ANALYSIS OF ELECTROENCEPHALOGRAM SIGNALS FOR
WRITING IMAGINATION ADVISOR : ASSOC. PROF. PEERAPONG UTHANSAKUL,
Ph.D,; 100 PP

Keyword: Electroencephalogram/Brain Computer Interfaces/Artificial Neural Networks

The brain is arguably the most important organ in the human body. It controls
movement, allows us to think and feel, and enables us to have memories and feelings.
Anyone who has severely injured a region of the brainstem called the pons cannot
move or communicate verbally due to complete paralysis of nearly all muscles in the
body except for vertical eye movements, blinking and consciousness, also known as
Locked-in syndrome (LIS). If a patient receives mental health care and ongoing physical
therapy from caregivers, the patient can survive for more than ten years. However, the
main problem is that patients with locked-in syndrome are unable to communicate.
Currently, many studies developing EEG-based communication systems, still require
constant stimulation of the user's brain. These methods require the user to constantly
stare at the stimulus through the computer screen. Therefore, this research proposed
EEG-based communication systems without any constant external stimulation. The
principle is to analyze the EEG signals when imagining the writing patterns of characters
with the Discrete Wavelet Transform technique and use Artificial Neural Networks to
classification EEG signals patterns. The results show that the classification accuracy of
the proposed technique is about 70%, which in turn leads to a significant achievement
for the development of EEG-based communication systems without any constant

external stimulation.
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241 ARULNNIN (Gamma Wave)
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2.5  ASUBUABITNINNENDINUABUNIMDS

Feature Pattern Control Signal

Extraction Recognition

Control System
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T T - T T T T T 1
0 200 400 600 800
Time (ms)

gﬂﬁ 2.13 gﬂLLUW@Qﬂ?ﬂWWWﬁM@Wﬁ@ P300

Amplitude (uV)

(=]
Power (dB/Hz)

02 04 06 08 1 12 14 16 18 2 S - & 2 = # o)
t(s) Frequency (Hz)

() )
JUN 2.14 sUsuuvasadulwihanesinevauewiaduiareniludnsnned

(n) Adulwihauedlusgnisnsnsydunsanenfenud 15 Bsnd
(v) Uhinueuivesnduliiihauesdsdiiansunded 15 Bsnd gaiian
1. An3nevauBIvasaNRafitinaINnIsgnNnsERumBdui191nn1euen 1wy
MansgAumeldes N1snIeduAIBNITIeIN N isensnIgsumensdulia Inendnnisife
deanssldfunanseduanduiiang q AsziAnnisasuulawesdngdluiiinieluasesi
Auduius fumg sl nnsueniiunszdud aiennisnevaussiiin Event-Related
Potential: ERP Tngad ulvlfinauesditinainnismevaussuuy ERP Aldsuanudealunis
thinldfussuumadeudessninaussiuaeuiumesidosnnduiudivszduauaulaly
Ansdendufiiendt P300 u3e P3 Fudusluvuvaseduliihatesanfntundininldsy
msnszduandniiluudnunaUszana 300 Tad3undt (Sur and Sinha, 2009) fauandly
gﬂﬁ 2.13 UBNIINLBHNTNBUALDIVDIANDIUUY Steady State Visual Evoked Potentials

w38 SSVEP Fadunisgnnszsunisaienlugnsnnadl wu nsnszduiieniniidanoiug 15



17

Bnd 1Hudrsnamiandulnihauesaviianisnevauesearudifeatuiudinssdunig

AU (Zhu, Bieger, Garcia Molina and M. Aarts, 2010) ﬁ&LLamﬂu'gﬂﬁ 2.14

Right arm movement — 8-12Hz
C3 C4 ——— 14-30Hz
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(n) NMsnavauaaIraulninaLeius AN DIT1ENe
(¥) NNPBUAUDIVDIPAUN AN AL BINUS I UAND IV

2. NNIMBUANDITAIENDITIANDINNIFNTZY WU nsiedeulmuvunion
viliAnnsAsuLUawesrduliinaues lnsfivdnnisifewdleuyuddosnsfiazindoulm
aupsdwuivimiimuaunaedeulmarBudsdygaionununmandouln dawali
adulnihauesfinnud 8-12 1B3nd wIoen31 Mu Rhythm ansiundsauas Tnsaziden
nsiasuudasvesnaulniinaussiiin EventRelated De-synchronization %3 ERD luna
nauny wé’wm%amﬁuh\lﬂwamawma"’umqﬁuﬁﬂﬂ% naaniAnnsiadeulmineniely
W& Feagnulaluguanud 16-32 Bsad vietrduud Tngssisennisdsunladves
adulinauesiiin Event-Related Synchronization %38 ERS 8995MUN15A8UALEWIADS
wuildfvinuauesduiiogdunsdiuduuswadidesnisasedouln fuandy
ATl 2.15 UAZNISAOUALEITBANDINUY ERD/ ERS Lisndudeninnisiadoulmaiees
s19me Tneflannsaiatuld@monsiunuinisniseaeulmdeiidendt Motor Imagery
(Tang, Yu, Lu, Liu, and Jin, 2019)

2.5.2  N15USTUIANARINUTN (Pre-processing)

= CY a

L% = o dl a ¥ 1 s
nstuiindyaundulniravedesuniuaagliauysalwuufigadnogd

q
[

Fyanasumululeuauedusundt eszivg (Artifacts) ludyaasuniuiiauain
nangurad Ly MUy @auif 50 w3e 60 B5ng) duniauduasiinie aauliiiala
(Electrocardiogram: ECG) aa ulWi1nauile (Electromyogram: EMG) ad Ul a2

(Electrooculogram: EOG) Hudu InedaUszawsiiinainaaulniiisieg drulugjunainng

<3
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wwdeulmATYE MINAULIAY N1INTENTUALAZNITARBUIMIYBINIMY Fawaunagaves
deUszhvunasienaganiueunagavesnauliihatesilviuadendulnihate uiasale
Aananslugui 2.16 dadunsaunienisvinaalseivgiivaeteeignluinvuludunaunis

UszananaasvtievilieauliihaussinalAssiudygraussamniuiasanndu

Recorded EEG M ydu‘ I 'I ' I
Hoe \/\,\/J/ W‘\W"

ECG ,1\} A J.«. ,'l‘_,/\‘ A_A,n. A J\,/\. f’,m JL/

I
JUN 2.16 AeUseRvgneassineinavegluadulniaues

v
a o =]

aa v a a s U adqa a d'
ll'lﬁﬂ']ﬁ"i]'ﬁ&?]ﬂll']ﬂiﬂﬂ']'ﬁ‘\](ﬂﬂ’]iﬁflﬂﬁ%@UﬂLﬂa’]u I8A1TVNIEN q@IUﬂWi

a a _a a & | Y A vy A A & ‘:l'
'ViaﬂLaﬂﬂﬂqﬁLﬂﬂﬁﬂﬂﬁgﬂﬁquﬂaEJ']QI@UVLQJG]@ﬂﬂJﬂW{LEULﬂi@QN@I@6] ABNIIVBNLLUUNIINNABIN

a

ATAUARY Bnfleg 1 {ITevelronaadasnaniduinisn seniunivsevdusieniegluy

(v

: o aan & a A cav 1y Py
ITNINNIINADI UBNITNU \quJﬁfﬂiwugr]usLUﬂ']iaUﬁ\‘ﬂjﬁg@Uﬂmiﬂ@aQﬂqiiﬂﬂiﬂmjﬂigq

a o

N Y = Aay = Yy o a0
A1ANYDINRMINTDY Butterworth LWaNT9IANUNNABINIT FIUTENDUAILAINTBIAINUNEN

)

) Y i o

WU (Low-Pass Filter: LPF) 1usansosneanlndyyianuiaing 0 18504 audeniiudi
AvuesulUle Tneaudnasnintuasgnanneuluniuasiu fansesadudiaesiiu (High-
Pass Filter: HPF) iUusnsesfiseulvdyaaanunfiganinanudinvuariululs lned
ANUaNAINIItuAzgnaaneulunuaIfU fanseaualuiH1Y (Band-Pass Filter: BPF)
) Y a A [ Ad o 1 v aal M v L 1 Ao

Juiinseseeulvividygramnudidmundulils lnsanudilildeglugisiimunse
gnaaveuaunualugsaiouiun1suifiinserud A ukasAINToIAUD LD
Y waz gavine dranvoudyy ayianud (Band Reject Filter Circuit, BRF) 1w

[

Mdndyarunudnlifioinisuisgsesnluununsdmsunisinnisdaseavganivdiu
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253 n13iasigsiad ulninauaai of s s nuusIAUYEIAA U (Feature
extraction)
MInssieauliinausailomsnvasiivutavesnd uazdiglinisula

anunevesraulnihanesildiedu S3nsieseiilemdnvasiiudaduussidud
ﬁwmaasmﬁ'qLﬁaqmﬂsﬁaaﬂaﬁLLVTQ%Waaﬂ?{ulw%auawzﬂuﬁué’@mmsumu Yonani

sunvvvasnd uliianesiudaiuliagd (Non-stationary) lngsssue1d §9435n15uen

¥
1

AuanwaziauldivualuInsdaluiveg funsiiluussyndldnulussuunisidouse
& d'sL v |

BINUBY N

(% {

' o a s v vy ¢ | I3 ~ A =
38ﬂjqﬂaﬂaﬂﬂUﬂai~|W3L@@3LLa']vL@NaﬁWﬁV]@ @EJ'N‘liﬂW']llllLﬂﬁ NHBWUZTUN

[

wnsranelunsiadayanuan Y YITEUUNSWaNRDSEnI NN URBNN A B STl

miLLanjﬁEﬁ (Fourier transform: FT)

-
o

-
=]
o

05 Fourier transform
° - ww

500 1000 02 0.4 0.6 0.8 1
Time Frequency

o
@

o
'Y

Amplitude
=)
(5
Amplitude

=
o
h

-
o
(=)
o

o

5UN 2.17 n1sudasilises

[~ a a 4 ) [ .
Juwatiansaaeaians lagagvinnisulasduaiaainlaiuiian (Time-

A7)

domain) WWidulauuai1ud (Frequency-domain) w3af iseniulaeialuindunismn
awnnsu (Spectrum) %Jmé’zy,zymﬁmamiugﬂﬁ 2.17 Yneaunisiildlunsiaseidayao
shemsulasiSesuanadianisn (2.1)
Flw)= [ f®eT it dt (2.1)
Tunsdlifeyaiinnuddyy aumasanudeysaufududuiuainlunan

Y '

a ) a ¢ o Y aad = ¢ 1 a A v 1 o
bAYINUNITILATISVETEY YN IYTITU 'U'JWlITJi%I'EJ“UU@EJ'NENLu@ﬁ"mﬂi‘lﬂﬂ’]ﬂ’ﬂuuﬂuaﬂ%"lﬂ

eeg

linsuaudAnauiungluresdygrauslinsiunailunis

=D

ANUAG Dawddnisnis

Y o
Y Y

WAaAaudiy sudamneudgaruiiidusieatu (Stationary signal) Nilaunsives
Fyarunannd9a dusunsandyayialiidusieniu(Non-stationary signal) g

'
Y

Aa (Y Aa a v a o [ v a ¢ o
undnneding dygyraunidnnlisusdatwuuiuniule Wudu mMaesievidygin

€

wiallevdmalviiinaurana1nlianunsavavendeyatulamunaile
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STFT

Frequency

Amplitude

0 1000 2000 3000 4000 o 02 04 06 08 1
Time Time

SUN 2.18 N1suUasnseslutIanduy

v Y

n1suwdasiseslugaaaandu (Shot-Time Fourier Transform: STFT) viu
WBnsnusulgmiledeunnsaswesignisulaniBes Inedunsinsesiamenisuusdygyin

pantduraauniansaisaninilanduntiang (Window function) wazldnisudasiSesly

Y

£

wiazsailandumieeiideuludauandduun 2.18 aunsldlunisiiessvidayeyiu

ALY}

meNsuUamie U IIaAULEARIENNTTN (2.2)
o .
i _ —jwt
STFT(f,t) = [__x(®Ow(t — e dt (2.2)
e w(t — 1) A Window function 7lalun1siasigs
Tngiduniaialun1snsengnAmualaga T waeyeRNNaNITIATIER
AMUARIEAIINNTIRITATUNINAN HaNTIATIEYa e esTanaduIragluguues
3 L = v Y1 a & 1 3 o 1
msugnasruszneudynn FeazdunalainnisulaniFesyieiandy danyneveddienal

3

a PN Ql' . B v q’.;l Yo a 6 o PN
N13ILATIZUTIAST (Fixed resolution transform) fatiun1slg9a91281193LATIERE Yy 1eud

pd)}

AlUNTIAT IRy nYAundsenalimnzaulunaU iR Wesnndeyyiud
Audaziinsisuulaisiniandrdeasaglddaananiiuaulunisinsesd lusaed
Y] Aa o ] a = Ay e v v ! a ¢ v
dygruniiamudiininaziinsuasullasddsmsldraiaininitninlunsieszt dae
S v v o a ¢ o aa o 9 a
wignalFelalinsiaunsluuunisinssidygraidnisususesduanuazidenlunis

IAsEngasanItnIskuaan (Wavelet transform)

500

g

Wavelet Transform 2008
— B o4

1000 2000 3000 4000 0 0.2 04 06 0.8
Time e

Amplitude
w
8

N
8
o
N

ik
S
o
i

JUN 2.19 nsudadiavlian
a ¢ o Y  aa 3 Yo o dt'
nsATIERdyyIun IS nisudasidalasuniswmunieldlunis

widgyitldannsadiiunislatunisudasliFesuasnmsuvaiseslugiwiady lagaunse
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Uiuthanauazanudlivsngaununnudesnsidmnuengtaananvesiladdumieingli
st udwalidayatisnnudidauiismssag minangasnaivesiledduninegli
tovasdanaliteyatisenuigalanuiiissmsaruiuuandusud 2.19 Tneguuuumsuuas
nERT 2 Uszavde nsulasidanuusieliles (Continuous Wavelet Transform: CWT)
warnsuUasIdnLuUALviLIe (Discrete Wavelet Transform: DWT)
nsulasnidnuuusiod ssdufidnvarnsinsidygalasendonis
USuasunmandivesnvdnwiililunsiesei nandenslddaanailunmsieseii
uAdmiuMslieTsiesAUszneumuige wazldtianatlumainsssiinedmiunig
Arngsisdusznouauian TaedunsusussiunuaziBenlunmsienesiegiselios

sl eidyn alunng Avesanudfannsi (2.3)
1 © t—b
CWT(a,b) = 7= [ f() (=2)ae (2.3)
oe?l  f(t) Ao deygraunazyiinisulag

P(t) Ao Lidausl (Mother Wavelet)

a AD WM IURINITUSUBUIA (Scaling)
b AD WITILNBTNITRDUALIUS (Shifting)
|

Signal | :
| I
I

Mother Wavelet

shift

|

|

|

]

|

scale :
|

|

|

!

JUN 2.20 msuvatavldnwuusioliios
nsUSuWAguAmMITITnes Vet a uay b viligndanudgadyianiaily
a ¢ 1 aa a6 a a v I [ !
nsiasznkavkalugindanuiaddiniaiinine lnaidunasiunsauiuseniig
dyaaludaanduilsddunnidaninisusussavananasseaunsidousiunus lngisy

NASUALYRIdyy Il UazduauasuLalaanainamansuluisnsiiuseauainatuly
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JUATUNNTEAUANaNFoINsAtanslugun 2.20 vililadanudnuansnsiueentuluwsiag

v & | a £

szavana laeradnnsineinlaazegluguresdulss@naiamidn (Wavelet coefficient)

Y

fawiinismstiaglviananuudugmssunaiwazanudausdaedddiawasnSnenslu

NSAIANANNTUTOUEWN

y

@

gln Level 3
coefficients

bfo] |—>(2—>

hln _,@_, Level 2

[ ] coefficients

1 oy Level 1

X M coefficients

gn] V2

Y
h 4

h 4

v

g[n] V2

Y

JUN 2.21 msudatavlidawuuhuviieseau 3

'
a

nswdasandnwuuiuniiegnitauduiieanaududeunazlidoya

Y

WgINOEUsUNITIATITLazd AT IzRd aAualy Jehvanallunismuiaeng
= o A [ a [ 1 v ) 1 a '
wn leedsuuuunisvinauasnisusvainanaznisidsudunisludnuasiugaeg al

mowllesiu Tneldnsinszisemnsesdygia (Filter Bank Analysis) nanesauaduns

U 6 [ v L3

dyaasnEuiInsesrNRR L UmEdyanyal gn] karaudgawnumedydnual hin]
~ [ 3 o [ [ a £ ] aa a o . .
WavinnswenasrUsenaudygineandy dudsednsvesdiunauden (Approximation

coefficient) wazdnUszandsvosdunilnuias (Detail coefficient) Inadeygunlantuay

U

HIUdn31d1as (Down sampling) AevinliiuIuA881 (Sample) vadHadwsN baanas

LYY

Asatlsndyaaiuatusuanslugun 2.21

% = o 1

Lo aaa a ¢ o A A .
UBDNVINUYINITNITILATICUA Y Y TEULWDANAUA N WEUS LA UNT BTN Empmcal

9

Mode Decomposition #38 EMD @ tduisnsuenesrussnevvesdyaalulamuiian

£ ¥ £

(Time-domain) nglianvuinteyavesdyauauadu 35n15uuy EMD In15iaatuading
UszAnsamdmsunisTinssvidyaadiingd (Munoz-Gutiérrez, Giraldo and Bueno-
Lopez, 2018; Ji, Ma, Dong and Zhang, 2019 wag Subasi, Jukic and Kevric, 2019) 1aad
wdnMIndaavie ssUseneudedyynfiinisunish (Fast Oscillation) wardayaio
fizinsuniadn (Slow Oscillation) sefuiledasnisuenssAusynauvesdanaagldisnsia
Tyanadiinsunishesnandyanasuatufiazaiudaienda intrinsic Mode functions :

IMFs Tag IMFs iRaululunisiiansaundad 1) 91uiugegedn 9080 WagduIugafaLn
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a1 A a1 [y

AudazAasllininiy viselidrneiulidifunis 2) v 9ala vesdygruAtadevesvauY

wazvaUatziAiniuaud

Original signal x(t)
Input signal g(t)
Start: g(t)=x(t)

> Construct the envelopes —
Treat h(t) Calculate the mean m(t)
as input v
signal Subtract the mean
e(t)= h(t) From the time series Treat h(t)
hit)=g(t) - m(t as input signal
v g(t)=r(t)
Is h(t) an IMF ?
No
* Yes

Store IMF x{t) = h(t)
Subtract the IMF from the
Input signal r(t) = glt) - x{t)

.

Is f(t) the residue?

‘ Yes

Original signal decomposed

No

in to IMFs and residue

U 2.22 N3UUNMTNNUYEAENSLUY EMD
N39UIUNISYIIUVEITENITUUU EMD Aildd mSunenasdusenauann
”igayﬂmﬁuaﬂ’uuamﬂugﬂﬁ 2.22 Taw Zeiler et al. (2010) l¢lis1vaziBavostunaunis
venusiedl
1) MengeaanazInsannaentesdaaainandlusuil 2.23

x(t)

15
10
05
0.0
-05

Amplitude (uV)

-1.0
-15

-2.0

0 1 2 3 4 5
t

JUN 2.23 agegn (Fune) uag Iasian (Fukw) veawsazsludygyiasuadu (o(t))

9 Y 9
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2) anidudeurangeaan vt ludygruduadukasiuuuRedtuiuge
manfaandlusun 2.24 udimuiumdyauedenuaunisi 2.4

xy (8)+x1(8)
2
loedl  x,(t) Ao dyeadvouUY

A

m(t) = (2.4)

[ |

x,(t) A9 Ay IuvaUaIs

x(t)

Amplitude (uV)

3UN 2.24 dyarauveuuu (@uddeR) dyanuveuas (Fuddy) wasdyyiaaie

(WEUFLAS)

[y

3) ihdygaruatuunavesnmedyyiundsazladygiuuadns (h(t))
4) nvrvdeudganamadnsindulunmteuleves IMFs wiali dmausng
o v el & v a o v Y o v ¢
Ny raunadnsilalaidu IMF Tiunuiidygiusuatumsdygianaans (c(t) = h(t))

udhEnsyuIunsiiuRatuneud 1-4 indayeramaansiladu IMF TidaAudya
wadnsHunSouldiavaau (h;(t) , e j Fedauidayaondu IMF)
5) vinsuenesrUsznavludinuinlaeindygruduatuaunedygyiu
v sa & Yo 1
naawsvILdu IMF (h; (t)) alodanalug @ (1))

r(t)

0.00

-0.02

Amplitude (uV)

-0.04

-0.06

t

= o

5UN 2.25 dyaraunilyngeaaiavingaiiiesiumniane?
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6) nyaapudyaalniinlyngegauazaamaniies 1 duvds daandlugy

1

4J a Y o ° ! = o | v N
n 2.25 ‘V]i@hl ﬂ']Naﬂﬁ’]ﬂa'ﬂqﬁmi‘gqmiﬁuuﬂﬂq@ﬁﬂLLaB@']ﬁﬂll']ﬂﬂ')']WU\TWWLLWHQIWLLWUW

Fyaanuatumedygadul (r(t) = x(t)) LawngnIzuIUNLALRILETUABUN 1-5 61

HaUTIng Ndyaalnidiynganiaviaaiiemilsinuiedodnauaunssuiuns

Data

IMF 1

IMF 2

IMF 3

IMF 4

Residue
1

T
U] 20 40 &0 -] 100

¥

Ul 2.26 fegramsienosduszneuvesdyaufe3s EMD

FOU19NITLENDIAYITENDUTDIA QY EUAI8735 EMD mmma%malé’é’mgﬂﬁ
2.26 Lﬁ'aﬁ’zyzywmﬁuaﬂ’uqﬂLLEJﬂaqﬁﬂizﬂaumuﬁﬂﬁ’u%umau awldnadnsidu IMFs &
Usenaudne IMFL 8¢ IMF4 wagduiimdesonin Residue Tne IMF d1dufl 1 asifudaia
wuuunidla @nswasuulasnniian) way IMF ddiuanynosdudyaiauuuinded @
MaAsuuUasion) ag Residue fe dyanauiinisunisiifian @nswasuulasiesiiae)

254 msf&"]LLungﬂLtuuwaaﬂﬁuIWWﬁauaq (Classification)

Lﬁuﬁi'?umaumilwammmn*aﬁuaaﬂ?ﬂ'u”ln/\lﬁwaumi@efLﬁquIa'Qmﬁsui‘m
\A394 (Machine learning) 6’?@Li‘]umdu‘lagﬁﬁ'ﬁ%miﬁwLLuﬂg‘Uwamﬂwmsﬁ'ﬁ wildluisnns
fldsumnudeunniigade laseineussamifion (Artificial Neural Network: ANN) g
Tnsstevszanifiendulimanadamansiisiaesnisianurennietieusyavluayes
uywdieinguszasdfiazairaniesilefianuannsaluniaious (Leaming) 5andh
sUMUU (Pattern Recognition) nsdangs (Clustering) nsdnuunguuuu (Classification) wag
N15¥u"e (Prediction) LWWLAEINUAINAINITOVDIANDINYWE ?zfmszmumiﬁ’muﬁugm

vodlaseeyUszamifieuazusenaulume doyaintdl (X(n) = xq, Xy, X3, «.., X,) AUAUAT
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029N (W) = wyj, Waj, Waj, .o, W) TeEAMIENINAMIADIZ)NIINTINAUL AL S
wilUluileidunszdu (Activation Function) saisaninlandusinduladiioduiuanuduly
lpvasrmauudidmadnseanlunvoyadesanasuanslunini 2.27

doyarudn  Avdredmin

Nendunasau

f — dayadesan

Wi
&

a

5UN 2.27 lassasauuudnaesiiugiuvesiasaingyssamiiey
lassvigyszamiieniuuiugrudnagldmamnauitlududou 1wy Aay
= . Ay [ ) W e = M. a o v v |
wuuluun3 (Binary) Mdssnismnautlu " wse "lily" Tuvasinsmeanesuiidudeaunin
WU NMIINTIFURUUMIBNTTIMUNFURUUTOIURYA LAsediglszamifienssiilasadiawuy
nanetu (Multi-layer perceptron Neural Network) ﬁﬂLLﬁﬂﬂu'gﬂﬁ 2.28

Yuau
(Hidden Layer)

Fudsoan
(Output Layer)

& o w
PYUUILUN

(Input Layer)

JUN 2.28 lassasnavedlasadngussanniieniuunangduy
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Futiudn
@_ &y Fudsaan
Yugau
__________________ 2
7 ‘\ /7 \
) ] | |{ |
3 Y F P Wik | Yk
H ' | : ';C f |
£ i |
b v I b j |
\ | k \ J;
AN s e // S P P T 7

5UN 2.29 lassasungluvedasaingussamiisniuunaiedu

(%
Y o £

TasengUszamifisunuunatsdulsznauluaiy 1. dudndn (Input Layer)

2. Fugou (Hidden Layer) 3. 4udsaan (Output Layer) lagluusaztuagusznaunigniag

v

(Node) #391150u (Neuron) F99zvinnnnlunisuszanananasitousanaans udtudald

nsfeusevesusastusiluwuuisiumedwhlieyandeunluluiirmadeifewndeud

(% [% ¥
v o ] o 1 =

Tudramihanguidildtudienn Tngdruutudousasmiisluusaztudoursiueg i

£
v o

anududeuveslyn drudwunmiiglutmindragduivinnudeyanaesinisilaseie
Uszamiieanseus wazdnnunihelutudiesnfonaqnsnineinisainlaseding uasiden
melulassaiweddassigysvaniigruuuviatstuuansluuin 2.29 LavAHaansainus

1Y

ATVMUIYALAINNITOMLAAINAUNIST 2.5 Wag 2.6 A9l

N
J
Ve =f Z(Wj,khj) + by (2.6)
j=1

lng?l b A AeadnsilannsUssanavesied j lutugeu

= 1

U a‘d‘ ¥ 1 d' 3 1
Vi A9 Amaansilaannisuszinanavesviiied k Tugudsosn
w A Aastnin (Weight)
b fe ALTeUY (Bias)

[
[y v LY

2 avuvesIglutuiNIIIe N viae

mo))Y

n

1%
[y Y

9 ansuvesglutugeulirue J Bl

~
mo))Y

[
o w 1

k fo arvureshglutudseandvionun K ®uae

P

f(c) A Mandunseiunsefandudndule
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HandunseuduilandulunisAnasiievihunsavemadnslunnasnuie

= P

sUsuufiisnuniianfewuuitbiiluilsiduaunisidunsa (Non-linear function) 1la391n
Tymluwlanenuluadadidnvazdunvvaunmsidunssiosunn Mdunseiuazgninluldlu
uAarMIgYeuLaU (Hidden node) waztudsoan (Output node) Geisapiniigenaagly

andunszaunmiiounsensiuild lnsvlavesilsidunseiuillasuanuiieudidsaluil

Sigmoid Tanh
1.0

-10 5

RelLU LeakyRelLU(a=0.2)
10

l.cakyRcl.U(:):{

z,z>0
z,z>0

az,otherwise

Rcl,U(:):{ i

0,otherwise 5. 10

10 5 0 5 10 10

sUN 2.30 Yllavasilendunseiunlasuninuile (Feng et al, 2019)

(A1) Sigmoid Function

(1) Hyperbolic Tangent Function: Tanh
(m) Rectified Linear Units: ReLu

(9) Leaky Relu

a o

Feluwsiavrlinvesilandunsedulivouwaiagnisvinuiuandsiuesuiele
#9il Sigmoid Function \Wuilstuneadinmansndanvugiduiiies “S-curve” w3nisanin

2
=

“Sigmoid curve” 9¥dvaulunogsEnIne [0,1] Awanslusun 2.30 (n) HeAduiagldiile
Aean1svituieauyiazilu (Probability) vesdeya luvasifsidulaes Hyperbolic

Tangent Function dn13vineuad18iu Sigmoid Function waliussavnsawaniniveulunet

o

Y
sening [1,1] sauanslugun 2.30 (v) Yenvasileiduifoaunsauvasrvestayatndnnil

1 < Y & 4 ] aa £ £ S < 3 < £
anduauuin q Widudeyadseeniifnaulduazteyanilanduaudzgnuuaniudeyq

Y

o

dewenfifiAlndaug du Rectified Linear Units Wuilsfduifenldouuinianlulasune
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Uszamiguilanduiiaziiveuunagsening [0,00) dauandlugui 2.30 (A) Farunea1udte

Y

Tayarndfifunnitauddeyadeeansiduruinuasinteyatndlirgudviefnau

¥ ] 1 &) 4 ! 1 [ 1 ¥ o v o & Y L
veyadieandzdanduaud wisgralsinunisudasAivestagadndrimduauliilugud
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= v P . . & ad = 1%
1) msieuzuuulidiinisaeu (Unsupervised Learning) {u3sn1siseusuuy

b4

Lifinsiwuademiiu (Label) niousznm (Class) vesteyalviiulasseussamiiions

e

s

FelasevgUszamiiienazdnsedlaseainamefiew M NYMzueItoyalasyu Nadns
| & I3 | v Ny 1 v a aal Y] | = vya o
vaalasaiguseinnilaziunsssunduuesteyantdiinlulagdwinisnisdanaudslaiseus
PNYayanilAsaUIgng U
2) nsi5eusuuuinisasu (Supervised Learning) W unisifausAdnag
Amuadieiiu (Label) niauszian (Class) vostayalviulassneyssamiviens iolv
lassvrediAmadnsnawlnla lUiUSeufisuaugnaesivdeyantaseus delaseng
Usvamileuazusudenialilaamasnsnlnadssivdoyanlaseusuiniian 35013
USUA2L99A9INA1IABATNTLUUUNTEDUNAU (Backpropagation Algorithm) kuiANAAAD
n1sIAIANEANaa (Error) NAadululaazrtisuestudson lagvinnisiussuifisu
sEIAMaans AWl nlasngduAmadwsinnuald Fedininarmnuianain
U 1 d' U ] = U 1 U go/ £ L a ¥ v gj
unnAgensulalastielssamiiisuasdsumarsiudnndlufianisdeunduanntu

deeanlugtuindiauninglameanuinnainfisensulasuandugui 2.31
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ATTHNWIYDUNAY

(Backpropagation Algorithm)

Fudou
. (Hidden Layer)

Yudsoan
(Qutput Layer)

& . o -
YUY

(Input Layer)
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2.6 uATEIRAMUIsTUUMTARasieRaulNnaua
szuunseansmenauliiihaueafunmsussgndainunnuAnnsdensesening

auesfunenfinneslngofunisnsadunisnevaussvesanesilinandnszdumdenis

nsgviauitldnanlineunid dduiagiiussuunsdeasieadulnihanosauisouts

panidu 3 szuu laun P300-speller SSVEP-speller Wag Motor Imagery

f
1

Row Flashes randomly

Column Flashes randomly ERP

ERP MMW V™A VW Ve
P300

JUN 2.32 sUnuuvesszuumsdeansmenauliihauesia P300

v

Vansteensel and Jarosiewicz (2020) 831871 Farwell wag Donchin 1duinide
nguLIAT dlauesEUUNTRLN RIS NYIF18n1IMII9TUN TR UAUR YR IANBaT LT BN
Fvent-Related Potential: ERP #dia P300 da1in1nnnsdeesiisnusfidnisnseniuidu
uouazaoduvogsdeiles Ingaduliinanewosdnusilmnefignissesasdisyfuay

LsevedyaaIn I U udandlugun 2.33 dedudsnisdeansmendulniihauesly

A

¥ '
v At ad

Fnwarlieddeisonin P300-speller uazdanuddeuinndt 2,000 13 esfingrgmuiuuge
UsgAvEnmussszuunisieansieaduliihaueswile P300 Tnensandgamusuniunde
USuguuuuvesd ailiAnuseleviaegasonisnevaussuesanss (Kaufmann, Schulz,
GrUnzinger and Kubler, 2011; Sellers, Arbel and Donchin, 2012 wag Powers, Bieliaieva,

Wu, and Nam, 2015)

gﬂﬁ 2.33 gﬂLLUUGU@N%‘UUﬂWiﬁaaWiﬁaaﬂﬁuIWﬁwamaamﬁm SSVEP (Segers, et al., 2011)
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5.7
I

sUN 2.34 wluiiusidadnusdmiunisaeansmenaulnihaues (Hwang, Lim et al,,2012)
Tunamau lAd N SNAILITEUUNISTUNAIONYIINNNITABUAUDIUBIANDITLAARIN
a v a o a a a a A A A '
U5 E AN A UNT BN TENT UTAUD AN NI BLTENTINITABUAUBILUY Steady-State
Visual- Evoked Potential: SSVEP @9385n15&@aa15menaubiinaussludnuwnzdidasanin
SSVEP-speller $1u398999 Segers, et al. (2011) lalausuuinisnisd oarslaeldisnis

v 1 (Y

snan Feflvauazandesluidasigunaosdimasuuniiazldndosiiddmdnusuas
fydnwalfifesnisdeansussqeg fanandugui 2.33
Hwang, Lim, et al. (2012) lsausuuInianisdeaisuuy SSVEP figldanunsaidon
fsnusiigenslamenmsandesduiniivinsaior Tnevdnmsionisadudufuinidsnes
aududn (Adnysn1wsangy 26 fuasdyanvaliitay 4 62) Ingldlalenawas (LED)
$1uu 30 Fnewduienudsinetu 0.1 Hz fauansluguil 2.34 wadadtelinnsdeasie

paulWauasanusastun1slasIaS Y

BELARU BELARU BELARU BELARUS

JUT 2.35 sUnuuvessyuunsdeasmenduliliiauteiuy Motor Imagery

Blankertz et al. (2006) liaualkwInINISANAFISNBIAIBNITNTIVTUNITNOUAUDY
Yo3aRINAnAINNTIUALINITNSIARUlTlaLasy Tnafienysazeglundeaninieui

agAnfunnIUsaUINaNLarianATognsINaInay n1sunuINstianisindeulnveiie

T AIUANN L LTEINATIUTIAN I INUI RN AL NFFUIUINN TN SIAG o Ul
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¥
N o o

n9158UU P300-speller wag SSVEP-speller danalviwuinnatidngninluldluniswauissuy

\emuAngUnIalinnNIsEUUNSARasmeAaulniiaues (Yuan and He, 2014)
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3.1 uni
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] 44' A a &£ a = = v o
LLmﬂﬁlqﬂﬂJ@QﬂauvLWﬂ’]ﬂiJ@\imLﬂ@mu%qﬂﬂqiﬁlu@uqﬂqiﬂﬂzﬂLL‘UUﬂqiLGUEJUWJE]ﬂ'Hi

< v = a = = o
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P

(1) fANuduyaud13IUNITNARDINUTEIIIMVUA

2) LilesunansznunsaUseInnissnwNne?

[y

USTUUUTEAMLAZ AL DY
(3) lufiuszianisiauten1edn N1slgen19RanT usoanslanfinNitasne
syuvUsEan
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Tunuideiildaunsalduiindyarunduliiianssiddedn Emotiv Ju

o

I

EPOC+ fauanslugud 3.1(n) waeiididnlnsndmivinedulrihausaionun 14 sumis &
wamslugud 3.1 Tasgunsalilsnalsiune fanuazaantumsldoudesnnifunsdidoya
wulfans Segunsniifoyamanaindell

(1) Number of Channels: 14 (Plus CMS/ DRL References)

(2) Channel Names (Int. 10-20 locations): AF3, AF4, F3, F4, F7, F8, FC5, FC6, P3

(CMS), P4 (DRL), P7, P8, T7, T8, O1, and O2

(3) Sampling Method: Sequential Sampling, Single ADC

(4) Sampling Rate: ~128Hz (2048Hz Internal)

(5) Resolution: 16 Bits (14 Bits Effective) 1 LSB = 0.51 uV

(6) Bandwidth: 0.2 - 43Hz, Digital Notch Filters at 50Hz and 60Hz

(7) Dynamic Range (Input Referred): 8400 uV (pp)

(8) Coupling Mode: AC coupled

(9) Connectivity: Proprietary Wireless, 2.4 GHz Band.

(10) Battery Type: Li-poly

(11) Battery Life (Typical): 12 hrs.

[

= d' = o v
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8lanlnsm AF4 azdesinsegiszesmilonsilszunaauiiiouasiunis CMS %3e P3



36

a

Aesfndseg uTmviudwmanslugun 3.2 sulddamsvianuaseranisdsyeaigddgy

q

LOANDEDA 75% WiBUINLLARNANULA9DN UL ANANUAIUNIUUS MRS HE

3.23  Awuazuiuurensuaunsiliinasgiuiedny

fQ}

5U7 3.3 sUBUUMSIUALINTSDINaY

/ \
/ \

5UN 3.4 MsFusunmsiadunsalugiuusiieg

|
o

(A ()

(n) LHURTADLEY
() LHUATADEIUN
(R) LAUATILIAG
() luATMLILeY
\leaaneranasiasusazaulsianansndumnnsisguuuunsdouietuld
fatunsldsuuuunsdeuiidunesyuiesuiadudesddqiielforaatasaunan
Junuimsivludirmaieniula Imsﬁﬁaé’awiﬁ?ugﬂa%’wﬁué’aaaaﬁﬂizﬂammtﬁumqS] LU
unsa dulds vie dudes mufvlunnsiidnusenainnaudie faduisdiesgiulunis
ANEUEMTULAALAIONYS 8NAIBEINIUMITNYINIBINGY | u%aﬁaé’nmﬁgﬂa%wﬁumu
wuafRzFesanduainuuadans dndusnusiidouluiunsu wu diudavesis L vie

=3

AUVUVDHD T Azdasarnduanngialuvdn Tunuideddesnwuuninaasulmveway

#1499 Mudulsznovvedidnusiuandluzun 3.3 waz 3.4



37

3.2.4 anvaduNazdinansenunenaulnniauas

= d{' &) o Al 1w 1 v & L4
Wesneaulnihaveadunauitlnedyaiusuniuegiaunn aeiudseli

[

prenaasufoRmudoriuadsd
(1) enadpsuazauazfewasmmadoulmilgnadistusagiaudila
Tumsaniduvesn el tlunsiununnsisguuuunadeu
2) neun1stufindyynd ulniauesearatinsazdesinauisidy
JrEaT 2 U
(3) Tusgminamstuiindngueduliliausseraadnsdomandsnis
nszndum maiedeulmensmuaznisvdusienie
uananiliieantiafefiazdmansenudoaduliihaueuiosmnanumi ovdives

'
= = U =

dues nMstuiindyararduliiaussdsdnisuissevlunstuindygranieliauesslad
723081 Un 5N

3.25  wawlUsunsuiudayantulniliaues

1denzunuy

=

ATFIUAUINNG

Tadrun cusi T

ATIREDU

ANSYINENNE

WL EUST

uananvadaulng

Tuiindgygundulyiihanes
TuaneRAa@uauinisniu

a" "
avadoulnm

1Y

Uz

JUN 3.5 damsiheuvedusunsunudayaniulnihaues



38

4 Reccord1 = X

EEG Recording

1 > 3

/QJ // \

4

JUN 3.6 mihenvedlusunsuiudeyaniiuluiayes

2)1 {@

JUT 3.7 nsuananmafaulmvesguluunay

mwmmmzmumiﬁﬂmmaﬂﬂiLmi:uLﬁu%yjaﬁﬁulw%ammLLamﬂugUﬁ
4" ] [~ 1 [ YY) ‘:9{'1 £ S a =
3.5 Faanunsaudseenidu 3 diuvandsil 1) 91anadasnadeniUuuuIeINITIUAUINIGEIS
29AUTLNBUVDIFIDNYT bAKA 19NAN LAUATILDYIGIBLAZVIN bAUATILUIAILALLAUNT
wnauAmandluzuil 3.6 2) nasrINnALEBNLELUTUNTUILINNITATIVEBUTEAUNITIN
aunsvesnanading swnnliiunaeilusunsuasliaenuuuunsiunuinistvg uddmn
1 e‘c{' o dl' [~ a =1 al U [
NN N AU LITUsknsyazkansn medaulnitiunan 7 und lnelinnstuneenas 3
Wi ielioanadasnioudmsunisiunuinisaaandlugui 3.7 wae 3) Wsunsuazduiin

[

AUl AL D99D1@N AT AT LUV N ANAIRUAUINITANUANLAFD U LITILEDN



39
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sinune 120 unit ileannileosdmesanosduandlusuil 3.8(0) Mndusaasinsay
Bunszurumaiiudoyalviaundiazasu 100 afwiegUuuuresnsduauinis tnedeya
ﬁ’zyapmﬂﬁlulw%amwsgﬂ%’mﬁumﬂﬁlﬁﬂimﬂﬁga 14 dundanIosenin 14 Yodgyyiu
(AF3, AF4, F3, F4, F7, F8, FC5, FC6, P3, P4, P7, P8, T7, T8, O1 uaz 02) LLaszﬂﬁﬂU
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Pi= o ;(Cl(n)) (3.4)
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29AUIENBUTIEILNTOALINIAINEUNSA 3.5

M
1
o MZI(CL'(”) — Wi)? (3.5)
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Abstract. The human brain has many different functions and it is so complicated that each position on
human head provides the different electroencephalography signal. It is interesting to find out the suitable
electrode positions for a specific brain function. In this work, the writing imagination is on focus because it is
curious which brain functions such as imagination, movement, memory, language and perception play the
main role on the writing imagination. This paper analyzes to find the suitable electrode positions for
recording the electroencephalography signals when we imagine to write either circle or straight line by using
artificial neural networks. The results reveal that the suitable electrode positions are the frontal pair of F3 and
F4channels. This outcome is very helpful for studying further on writing imagination in the future
application.

Keywords: Frontal lobe, Electroencephalography, Cognitive, Artificial Neural Networks.

1. Introduction

In the past, Electroencephalography (EEG) signals recorded from medical equipment was expensive and
complicated. But now the development of technology can create an affordable product such as the EEG
headset providing a wireless connector such as Emotiv EPOC. It is inexpensive and easy to use so it is very
popular in research [1], [2], [3]. Eomtiv EPOC has 14 electrodes (AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8,
FC6, F4, F8, and AF4) [4]. Fig. 1 shows Emotiv’s electrodes placement (Red) and the letters F, T, C, P and
O stand for frontal, temporal, central, parietal, and occipital lobes, respectively. To choose a suitable
electrode positions for each brain function allows a direct analysis and time saving. In [5], it is shown that
the suitable electrode positions according to the brain function of emotion are T7 and T8. In another research
studying the hand movement [6] [7], the suitable electrode positions are C3 and C4. In this study, the

analysis of the suitable EEG electrodes for writing imagination without using arm muscle has been presented.

This can be very useful for any future research that involves a writing imagination.

Fig. 1: International 10-20 system of electrode placement [5] and Emotiv’s electrodes placement (Red).

* Corresponding author. Tel.: +66850865588; fax: +6644224603.
E-mail address: uthansakul@sut.ac.th
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2. Methodology

2.1. Data Collection

The data was collected by researcher. He wore an Emotiv EPOC headset and performed to look the
animation of circle or straight line as shown in Fig.2. Then, the researcher imagined to write either circle or
straight line. The EEG data was obtained by recording from the fourteen electrodes using raw EEG and the
bandwidth: 0.2 — 43 Hz, digital notch filters at 50 Hz and 60 Hz [4]. The duration of imagination is 8 seconds
for each image. Fig.3 shows the process of data collection which researcher imagines writing the circle in
his imagination during the experiment. In this experiment, All EEG datasets were collected from imagining
to an animation of circle for100 datasets and straight line for 100 datasets. The measured EEG datasets will
be used to train the artificial neural network learning later.

/Q} L

Fig. 2: The image of circle and straight line for collecting the EEG signals.

Emotiv Headset

Circle Anlmakiunj

Fig. 3: Researcher imagines writing the circle in his imagination during the experiment.

2.2. Learning Artificial Neural Network

The EEG datasets are measured from 14 electrodes named as AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8,
FC6, F4, F8 and AF4. The patterns of EEG signals are leamt by artificial neural network and then they will
be compared between each other to find the suitable electrodes based on the correlation coefficients. The
correlation coefficients provide the statistical relationships between two or more random variables and
observed data values [8], [9] as shown in (1): i \
o =1 DY)
SR T 005y

The EEG datasets were normalized by scaling between 0 and 1 as shown in (2) in order to reduce
variability [5], [10]:

(¢))

normalize (X;) = Ltk @
Xmax—Xmin

Fig. 4 shows the EEG signals of electrodes F3 and F4 which have the most correlation coefficients for
recoding the writing imagination of circle(above) and straight line(below). Each electrode is used as input to
the leamning of individual neural networks. Fig. 5 shows a model of EEG data input of the artificial neural

network and vectors of two components are defined as the output targets, Circle [0 1], Line [1 0].
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Fig.4: EEG signals of electrodes F3 and F4 which have the most correlation coefficients for recoding the writing
imagination of circle (above) and straight line(below).

Input layer  Hidden layer Output layer

Line, Circle

Fig.5: Input and output of artificial neural network.

2.3. Testing Artificial Neural Network

In this testing, the researchers who have no neuro disorder histories record their EEG signals in order to
perform two tasks. For the first task, the researchers imagine to write a circle for 100 times and relax about 1
hour before starting the second task which is the recording of a straight line for 100 times. Then the recorded
signals are used as data for testing artificial neural network.

3. Experimental Results and Discussions

Table 1 presents the classification accuracy of 14 electrodes (AF3, F7, F3, FC5, T7, P7, O1, 02, P8, T8,
FC6, F4, F8 and AF4) when imagining to write a circle. The results reveal that the top-two highest average
accuracies can be achieved at positions of F3 and F4 which the accuracies are 70% and 72.86%, respectively.
Table 2 presents the classification accuracy of 14 electrodes when researchers imagine writing a straight line.
Interestingly, it can be found that the top-two highest average accuracies are at positions of F3 and F4 which
the accuracies are 68.57% and 70%, respectively. As seen from both tables, it can be seen that the electrode
positions at AF3, F7, F3, F4, F8, and AF4 give the correct results more than 50% when researchers imagine
writing a circle and a straight line. From these experimental results, it can be explained that the electrode
positions at AF3, F7, F3, F4, F8, and AF4 are placed on frontal lobe area which acts to control concentrating,
thinking (such as ideation, imagination) and problem-solving. These experimental results get along with the
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area of frontal lobe which was described in Fig. 6 [11]. Note that the important problem in analysing EEG
signals is that EEG signals can be generated when a muscle is shifting of the facial such as rise of brow or
furrow of brow.

In [12], it was shown that the EEG signals were occurred by facial expressions in each electrode position.
Remarkably, it was found that a pair of F3 and F4 channels provided the EEG signals with the minimum
correlation to the facial expressions. The outcome of this work also presents the consistency with the
research in [13] which a pair of F3 and F4 channels has an important role in the perception of information.

Tablel: Classification accuracy of 14 electrodes when researchers imagine writing a circle.

Circle AF3 F7 | F3 | Fcs | T7 P7 ol o2 P8 T8 FC6 F4 F& | AF4

Circle(%) | 6571 68.57 | 70 | 40 | 474 | 4286 | 6429 | 6286 | 5857 | 4429 | 4857 | 7286 | 6143 | 67.14
ron

Line(%) 3328 | 3143 | 30 | 60 | 5286 | 5714 | 3571 | 3714 | 4143 | 5571 | 5143 | 27.14 | 3857 | 3286
[o

Table2: Classification accuracy of 14 electrodes when researchers imagine writing a straight line.

Line AF3 F7 F3 FCs T7 P7 o1 02 P8 T8 FC6 F4 F8 AF4

Circle(%) 32.86 3429 3143 37.14 38.57 41.43 68.57 65.71 57.14 37.14 38.57 30 37.14 3429

(1]

Line(%) 67.14 6571 68.57 62.86 61.43 58.57 3143 3328 42.86 62.36 61.43 70 62.86 65.71

(o]

Functional Areas of the Brain'

Motor Area

* control of afy muscles

Sensory Area——

® skin sensations (temperature,
pressute, pan)

Frontal Lobe —

« movement

Cerebellum

® pasture

 balance

* coordination of
movement

Fig. 6: Functional areas of the Brain [11].

4. Conclusion

Among all electrode positions on frontal area, the F3 and F4 positions are the suitable electrodes to
record the EEG signals for studying writing imagination. These results are considered by using the
correlation coefficients in the artificial neural networks. This conclusion is very helpful to investigate the
EEG signals in the future because it can save more time and provide a direct analysis on this specific
problem. For future work, the authors will apply this study to send some messages by interpreting the
brainwave signals.
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Abstract

Recently, Brain-Computer Interfaces (BCIs) have been extensively popular for employing Electroencephalography (EEG) signals to
control devices with different applications. The use of BCIs currently involves for lots of applications to help the disabilities who cannot
communicate with other people, as it is an alternative way for communication by passing the need of speech. Although the applications
to spell the character with BCI systems (e.g., P300-speller, SSVEP-speller, Hex-O-spell) have been already developed, but these tech-
niques are not flexible in the real scenarios because they require the stimulus all the time or stopping the activity to focus on the limb
movement in order to provide the accuracy of brain responses. In this paper, the feasibility of brainwave classification for the applica-
tions of character-writing by considering only the EEG signals without the need of stimulus unlike the literature is newly introduced. This
paper adopts a classification technique named Artificial Neural Network (ANN) and focuses on two different characters; straight line
and circle. From the experimental results, the suitable position of electrodes are the pair of electrodes (F3 and F4) at the frontal lobe,
which provide the best result as compared to other areas due to its important role in perception, maintenance and revival of the infor-
mation. The experimental results indicate that the classification accuracy of the proposed technique is about 70%, which in turn leads to a
significant achievement for the development of character-writing applications.
© 2019 Elsevier B.V. All rights reserved.

Keywords: Braincomputer interfaces: Electroencephalography: Discrete wavelet transform; Artificial neural network

1. Introduction work very well. The BCI concept is a direct communication

between the brain and external devices through the process

Human communication is the necessary activity for peo-
ple to exchange their information with each other as it can
build a friendship or any interactions with different family
members. Unfortunately, the defective people have a limi-
tation of speaking to communicate with others or even
express their feelings as their bodies are disabled e.g.
deaf-mute. So far, the Brain-Computer Interface (BCI) sys-
tem has been used to help those people whose brains still

* Corresponding author.
E-mail address: uthansakul@sut.ac.th (P. Uthansakul).

https://doi.org/10.1016/j.cogsys.2019.09.002
1389-0417/© 2019 Elsevier B.V. All rights reserved.

which the brain activity is translated into commands with-
out the neuromuscular junction. So far, the research meth-
ods that use the BCI system for communication can be
classified into three types of brain responses including
Event-Related Potentials (ERPs), Steady-State Visual-
Evoked Potential (SSVEP) and Motor Imagery (MI).
From the works presented in the (Brouwer & Van Erp,
2010;"Ryan et al., 2010; Speier, Arnold, Lu, Taira, &
Pouratian, 2011), the authors have used the brain response
in a format of ERPs to generate small voltages in the brain
structures when the brain responds to the specific events or
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stimulus e.g. P300 (P3) wave. The P300 (P3) wave is the
positive deflected signal in the voltage and it usually occurs
around 300 ms after the stimulations with the intensified
characters. Its amplitude depends upon the attention of
users during the selection of characters for communication.
For example, the higher attention generates higher ampli-
tude. This phenomenon has been studied using the BCI
for communication mainly known as P300-speller.

The next format of brain response is the Steady-State
Visual-Evoked Potential (SSVEP) which occurs due to
the result of brain response with respect to visual stimulus
(e.g. flickering stimulus) at a specific frequency ranging
from 6 Hz to 100 Hz (Bin, Gao, Wang, Hong, & Gao,
2009). When the stimulus is flickering at a stable frequency,
the brain generates an electrical signal at the same or inte-
ger multiple (harmonic) frequency of the visual stimulus.
For this reason, it is possible to detect what the user is
looking at the flickering stimulus during that frequency.
For example, the screen is divided into quadrants where
each quadrant contains a different subset of characters
and flickers at different frequencies. When the user stares
at the specific quadrant that contains the desired character,
the user can communicate to one another. This technique
has been widely used in BCI for communication, known
as SSVEP-speller (Segers et al., 2011; Volosyak et al.,
2009, 2011).

In addition to ERPs and SSVEP, there is Motor Ima-
gery (MI) which occurs during the actual or imagined limb
movement and causes the variations in neural population
in the motor cortex. These variations are owing to increase
(Event-Related Synchronization, ERS) or decrease (Event-
Related Desynchronization, ERD) in the vital neuronal
populations (Pfurtscheller, 1977, 1992). For instance, the
power of Electroencephalography (EEG) decreases ERD
from its normal level when the user has the limb movement
(actual or imagined) and when the user is at rest without
any movement then the power of EEG returns to the nor-
mal level (ERS). This phenomenon has been studied in BCI
for communication as seen in many applications such as
Hex-O-spell and Imagined Writing (Blankertz et al.
2007; Rohani et al., 2013; Zabidi, Mansor, Khuan, &
Fadzal, 2012).

The Hex-O-spell is an application which has six hexa-
gons around a circle (with the arrow in the center). Each
hexagon contains the characters for the communication.
The user can communicate by imagining the movement
of the right hand for the rotation of arrow in a clockwise
direction and foot movement for controlling the arrow
point to the specific hexagon which contains the desired
character. From literatures, a BCI for communication that
uses the technique of stimulus requires a constant stimula-
tion for generating brain responses. This is not practical for
defective persons because the user has to gaze at the stim-
ulus all the time. Similarly, the BCI for communication
that uses the technique of limb movement requires stop-
ping an activity because the movement will affect the detec-
tion of EEG signals. Whereas in this paper, we propose a

new guideline which has the possibility of imagining the
desired characters for communication without the need of
focusing on the limb movement and stimulation all the
time.

2. Methodology

In this paper, the Emotiv EPOC neuroheadset which
utilizes the Bluetooth technology to transfer the EEG
raw data between the brain and computer offers a simple
usability, portability and inexpensive device as shown in
the Fig. 1 (Benitez, Toscano, & Silva, 2016; Prince et al.,
2015; Vourvopoulos & Liarokapis, 2011). The electrode
positions for the Emotiv device are placed on the key
points of scalp, according to the international 10-20 sys-
tems as shown in the Fig. 1. The Emotiv device has 14 elec-
trodes which are labeled as AF3, F7, F3, FCS, T7, P7, Ol1,
02, P8, T8, FC6, F4, F8 and AF4 along with additional
two extra electrodes using the Common Mode Sense
(CMS) active electrode and the Driven Right Leg (DRL)
passive electrode and are referred as P3 and P4. The letters
F, T, C, P, and O are the abbreviation of frontal, temporal,
central, parietal, and occipital lobes, respectively. The sam-
pling rate of the Emotive device is 128 samples per second
and the bandwidth is in between 0.2 and 45 Hz
(Description of the emotive headset, 2019).

2.1. Data collection

In this experiment, we create the animations from a
structure of characters consisting of lines (horizontal, verti-
cal, oblique) and circle as shown in the Fig. 2. Therefore,
the volunteers can imagine the characters in a similar

Fig. 1. Emotiv EPOC headset (a) and Emotiv’s electrodes placement (b).
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Fig. 2. Slash “/” (a); back slash “\” (b); horizontal line “-” (c); vertical line
“I" (d); Circles “O” (rotating counterclockwise (e) and clockwise (f)).
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way. In the EEG recording, the volunteers will conduct
activities consisting of the following four steps:

. The volunteer wears Emotiv EPOC neuroheadset on the
head.

2. The volunteer focuses on the meditation for around 60 s.

3. The volunteer imagines animations that consists of
slash, backslash, horizontal line, vertical line and circles
(rotating counterclockwise and clockwise) 100 times per
animation.

4. When the volunteer completely imagines the animation

for about 30 times, then the volunteer have to rest for

120 s in order to reduce the fatigue of the brain.

The EEG signal will be converted from the continuous-
time signal s(r) to a discrete-time signal by substituting
t=nT

() = ()| yr = s(n) (1)

where n is constant integer, n =0, £1,4+2, 43 --- and T
is sampling period. The discrete-time signal s(n) =
{5(0),s(T),s(2T),...,s(nT)} is a data sequence (or dataset)

obtained from a continuous-time signal.
2.2. Feature extraction

The EEG signal is filtered using a Sth-order sinc filter to
notch out the power line noise at 50 Hz and 60 Hz
(Description of the emotive headset, 2019). The EEG signal
is decomposed using the Discrete Wavelet Transform
(DWT) as it is a powerful technique to analyze the non-
stationary signal and can represent the signal in both time
and frequency domains. The DWT decomposes a time
domain signal into different frequency bands using the
high-pass and low-pass filters as shown in the Fig. 3. In
the low-pass filter, A, is its mirror version while the high-
pass filter, /2, is the discrete mother wavelet (Ubeyli,
2009). The down sampled signals through the first low-
pass and high-pass filters are called the first level approxi-
mation (4,) and detail coefficients (D;), respectively
(Avci, Hanbay, & Varol, 2007; Roth, Roesch-Ely,
Bender, Weisbrod, & Kaiser, 2007). The approximation
and the detail coefficients of next level are obtained using
the approximation coefficient of the previous level as
shown in the Fig. 3. The dominant frequency components
of the signals will determine the number of decomposition
levels. Wavelet function, ,,(n) based on high-pass filter
and scaling function ¢,,(n) based on low-pass filter are
defined as:

W u(n) =220 (2n — k) (2)
@) =2"ho(2'n — k) (3)
where n=01,2---M—1, Jj=0,12,....J-1,
k=0,1,2,---,27" Jequals to log,(M) and M is the length
of the signal and chosen as 2’ (Gonzalez & Woods, 2002).

The resolution j and sampling rate & specify the widths on
the x-axis of functions and the positions, respectively. The
amplitudes of functions are dependent on the 22 value
(Gonzalez & Woods, 2002). Detail coefficients D;(k) and
approximation coefficients 4;(k) in the i level are
described as:

S, g

1
Di=—rs Z() Y () )
" S ﬁ ;s(n) @ (n) (5)

Fork=0,1,2,...,2!

In this paper, we use the DWT decomposition at level
4th for all the EEG data and daubechies 4 (db4) which is
commonly used in the analysis of EEG signal with DWT
(Adeli, Zhou, & Dadmehr, 2003; Kar, Bhagat, &
Routray, 2010; Rafiee, Rafiee, Prause, & Schoen, 2011;
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Fig. 3. Decomposition of DWT implementation; A, is the high-pass filter, &, the low-pass filter.

Tumari, Sudirman, & Ahmad, 2013; Xu, Zhou, Wang, &
Huang, 2009). Table 1 shows the different levels of wavelet
decomposition which corresponds to the brain signal at fre-
quency bands e.g., gamma, beta, alpha, theta, delta. Figs. 4
and 5 shows the approximated and detailed coefficients of
the obtained EEG segments from the healthy volunteers
who imagine the animation of a horizontal line and the cir-
cle (counterclockwise rotation), respectively.

In this work, the wavelet coefficients (detail and approx-
imation) of the EEG signals were used as the feature vec-
tors representing the signals. If X{x;,x, -+, xy} and
Y{y,,¥, -, yy} are two adjacent sub-bands, where N rep-
resents the length of a sub-band. The feature vectors of the
EEG signals can be represented using the following statis-
tical features.

(1) Mean of the absolute values in each sub-band.

1
u=g Z [x] (6)

(2) Average power of the wavelet coefficients in each sub-
band.

x5 )

Table 1
Frequencies corresponding to different levels of decomposition with a
128 Hz sampling rate.

Frequency band Frequency range (Hz) Decomposition level

Gamma 32-64 D1
Beta 16-32 D2
Alpha 8-16 D3
Theta 4-8 D4
Delta 0-4 A4

(3) Standard deviation of the wavelet coeflicients in each
sub-band.

(4) Ratio of the absolute mean values of adjacent sub-

bands.
N |
g Sk -
Z/ 1‘-“/‘

(5) Skewness of the wavelet coefficients in each sub-band.

(10)

(1)

Features 1-4 represent the frequency distribution of
the signal and the features 5 and 6 help to exact the
nonlinear behavior from the EEG signal. The feature
vectors are normalized by scaling between —1 and 1
as shown in (12) to reduce the variability
(Jatupaiboon, Pan-ngum, & Israsena, 2013; Lin, Wang,
Wu, Jeng;“& Chen, 2008):

Xi — Xonin

— 1 12
Xonax = Xonin (12

Normalize (X' ,) =2
where i is the order of the dataset (or feature vectors), X ..
is the maximum value of dataset, X,,;, is the minimum
value of dataset and )?, is the normalized data of i order.
The EEG datasets after normalization will be used to train
the Artificial Neural Network (ANN) learning later on.




76

Bss88 85588
L g3 g8
| T 0 T ¥

T. Jumphoo et al.| Cognitive Systems Research 58 (2019) 375-386

Muuuoaoacaom.
T

4 %
4 sl M/\AMMWWMMIMWW\M
d, E;!‘/J.}M-Nﬂ)/\wl‘r«',w‘f'\{«‘!(,’:‘mm “LWIUF‘V'\I! ‘\J‘ lk{\‘./’J,’mMJMﬂh’|l W All ,Ier“Y/JMM'II}ﬁM‘ﬂ,‘l!v,q} Jlr’ﬂ,w | {*}‘v\l';J MLWM]\ NMWWAW;

. WMW

ot WWWWW

379

Fig. 4. Approximated and detailed coefficients of a sample EEG segment obtained from the imagination related to horizontal line.
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2.3. Classification

The ANN is a computing system which has inspiration
from the structure of the human brain. The ANN is a
highly interconnected network of a large number of pro-
cessing elements called nodes or artificial neurons. The
learning process in the ANN is accomplished through
training algorithms and supervising learning which uses
the data examples for training. Once appropriately trained,
the ANN can be effectively used for solving the complex
problem (El Bahy, Hosny, Mohamed, & Ibrahim, 2016;
Tibdewal, Fate, Mahadevappa, & Ray, 2015). In this
paper, we use the ANN model from the toolbox of
MATLAB software which is designed for the pattern
recognition and classification of EEG data, named the
Multilayer Perceptron Neural Network (MLPNN) as
shown in the Fig. 6. In the architecture of MLPNN, each
neuron (j) in the hidden layer sums its input feature vectors
(X’,) after multiplying them with the strengths of the respec-
tive connection weights (w;;) and computes its output ()
as a function of the sum:

y=1(Twik)) (13)
where f is the activation function that is significant to
transform the weighted sum of all signals impinging onto
a neuron. The activation function (f) can be a simple
threshold function, or a sigmoidal, hyperbolic tangent, or
radial basis function. In this paper, in the hidden layer
and the output layer, the activation function (f)was the
tangent-sigmoid (tansig) function. The sum of squared dif-
ferences between the desired and actual values of the out-
put neurons £ is defined as:

E= % Z (iy—9) (14)

where y,; is the desired value of output neuron j and y; is
the actual output of that neuron. Each weight (w;) is

Hidden layer
Input layer

Output layer

Backslash 7 ]
Horizontal line .{ Vol
& Va7 1-11
RSOOSR
Vertical line .‘\\"/“'i A\ a1
Clockwise

SR
<f'~‘§\§‘\§“.j% A

VA N\
/é““\\\‘\ . /I

TN
/
Fig. 6. Artificial neural network’s Multi-Layer Perceptrons.

Counterclockwise

)

adjusted to reduce E as rapidly as possible. The adjustment
of weight (w;;) is dependent on the training algorithm.

The most vital feature of the ANN is the training algo-
rithm. The MLPNN can be trained with so many algo-
rithms and the most commonly used algorithm is the
backpropagation training algorithm. The backpropagation
algorithm is comparatively easy to implement because it is
based on looking for the points on the surface with a min-
imum error using the gradient descent technique. Whereas,
the issues with the backpropagation algorithm are the inde-
finability of the algorithm while calculating the global min-
imum of the error function using the gradient descent
technique and the long training sessions in order to com-
pute the acceptable weight solution. However, various
techniques have been proposed in order to improve the
convergence of backpropagation algorithm. The methods
(Levenberg-Marquardt (LM), conjugate gradient, quasi-
Newton) are the optimization methods for the training of
the ANN and they have been used by the researchers in
the recent years. The LM algorithm contains the best fea-
tures of the steepest-descent algorithm and Gauss-
Newton technique and does not gets suffered with the slow
convergence problem.

The LM algorithm is a least-squares estimation algo-
rithm based on the maximum neighborhood concept. Let
w be the weight vector of each signal and E(w) is an error
function that has to be minimized. The computation of
error function having the error terms &’ (w) for the m indi-
vidual errors can be written as:

E(w) =Y "e(w) (15)

where €’ (w) = (v, ~,) and Y, is the desired value of out-
put neuron j, y; is the actual output of that neuron. The
purpose of the LM algorithm is to compute the weight vec-
tor w such that E(w) is minimum. Using the LM algorithm,
a new weight vector for each signal wy.; can be obtained

from the previous weight vectors wy as follows:

Wie1 = Wi + Owy (16)
where ow; is defined as:

owi = — (T f(w)) (T +21) ™" (17)

From (17), J, is the Jacobian of the function f at wy, 4
represents the Marquardt parameter and 7 is the identity
matrix. The LM algorithm can be summarized as follows:

Step 1: Error function (E(w)) computation

Step 2: Assign minimum value to Marquardt parameter
2 (L=0.01)

Step 3: Solve (11) for ow, and the computation of weight
vectors E(wy.1)

Step 4: If E(w,.,) > E(w;), increase the 4 and go to
(Step 3)

Step 5: If E(wg.i) < E(w), decrease the A, update
Wy : Wy« wyoy and go to (Step 3).
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The network performance depends upon the Mean
Squared Error (MSE) value. When the MSE value between
the network outputs and the targets is less than or equal to
the determined value, the learning process is stopped. After
the process of learning the network, we will be testing the
network with the new EEG data which is obtained from
the similar process in the previous EEG recording. The per-
formance of the classifier can be measured with accuracy
percentage by using the following formula:

(7P + IN) o
(TP + FN + FP + TN)

where 7P (True Positive) is the number of correctly classi-
fied cases and actual correctly, 7N (True Negative) is the
number of incorrectly classified cases and actual incor-
rectly, FP (False Positive) is the number of correctly classi-
fied cases, but actual incorrectly and FN (False Negative) is
the number of incorrectly classified cases, but actual
correctly.

Accuracy (%) = 100 (18)

ystems Research 58 (2019) 375-386 381
3. Experimental results
3.1. Offline analysis

In this paper, we have conducted experiments by
employing five healthy volunteers who have no history of
psychiatric problems or neuro disorders. The volunteers
were guided and explained about the research objectives
and their permission were taken to conduct this experi-
ment. Each position on the human head provides different
EEG signals because the human brain has different type of
functions and so complicated signal. Therefore, we find out
the suitable electrode positions for a specific brain function
in order to reduce the number of electrode positions and
time of computation. Each of the position that is the pair
of electrodes i.e. AF3-AF4, F3-F4, F7-F8, FC5-FC6, P7-
P8, T7-T8, and O1-O2 was considered by comparing the
accuracy of classification. Fig. 7 shows the highest average
accuracy for the pair of electrodes where the accuracy
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Fig. 7. Classification accuracy from the pair of electrodes.
Table 2
Classification accuracy from the imagination related to circles (rotating counterclockwise and clockwise).
The structure of character Classification accuracy from the imagination related to character “O” (%)
The volunteer 1 The volunteer 2 The volunteer 3 The volunteer 4 The volunteer 5
Clockwise 72.5 725 64 70.5 67.5
Counterclockwise 74 75 65.5 71.5 69
Horizontal line 345 37 355 36.5 375
Vertical line 325 325 38 30 32
Slash 35 34 355 31 32
Backslash 29 315 35 36.5 355
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Table 3
Classification accuracy from the imagination related to lines (horizontal, vertical, slash and backslash).
The structure of Classification accuracy from the imagination related to lines (horizontal *“-”, vertical “|”, slash “/” and backslash “\") (%)
character The volunteer 1 The volunteer 2 The volunteer 3 The volunteer 4 The volunteer 5
Clockwise 315 33 3L5 345 315
Counterclockwise 34 36 33 355 35
Horizontal line 73.5 76.5 65 72 70
Vertical line 56.5 56.5 45.5 45 52.5
Slash 55 57.5 41 415 43
Backslash 53.5 56.5 43 46.5 45
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Fig. 8. Classification accuracy from different frequency bands.
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Fig. 9. Matlab GUI for real-time character-writing system.
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comes out to be 71.5 + 1.77% at the positions of F3 and
F4. Therefore, we will use the positions F3 and F4 instead
of the remaining fourteen electrodes in the next operative
experiments.

Subsequently, we want to find out the possibility in
imagination related to the structure of character which
consists of slash, backslash, horizontal line, vertical line
and circles (rotating clockwise and counterclockwise).
Table 2 shows the accuracy of classification when the vol-
unteer imagines circles rotating clockwise and counter-
clockwise. The results reveal the average accuracy of
circles between the counterclockwise and clockwise rota-
tion of 71 4 1.93% and 69.4 + 1.82%, respectively. Simi-
larly, Table 3 shows the accuracy of classification when
the volunteer imagines slash, backslash, horizontal line
and vertical line. The results show the highest average accu-
racy of 71.4 + 2.15%, which is obtained from the imagina-
tion of horizontal line. Moreover, we compare the accuracy
among different frequency bands which consist of gamma,
beta, alpha, theta and delta obtained from the imagination
of the horizontal line and counterclockwise rotating circles.
The results are shown in the Fig. 8 where the average accu-
racies come out to be 70+ 1.7%, 69.5+ 1.18%, 69.5
+ 1.38%, and 69 + 1.47% as referred to gamma, beta,
alpha and theta, respectively.

3.2. Real-time character-writing system
We implemented the real time character writing system
using the Matlab GUI with the help of experimental results

in the offline analysis as shown in the Fig. 9.
The GUI consists of several sections:

e Display the words

e Decision the character
e Options

A--

u o=
“oe- W - x ELL
-gm- z

Fig. 10. Morse code symbol.

G
J
M
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S
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The “Connect” in the options section is used to handle
the connection between the Emotiv EPOC+ Headset and
computer via the “Bluetooth”. Once the connection gets
established, the user may proceed by clicking on the
“Start”. Furthermore, the user can see the morse code pat-
tern of each character by clicking on the “Show Morse
Code” as shown in the Fig. 10.

The “Decision the character” section shows the output
from the classification of brainwave to circle “O” or line
=" at the electrode positions of F3 and F4 as can be seen
in the Fig. 9. The working of the character-writing system
shown in the Fig. 11 is described as follows. First, the EEG
signals are decomposed into 4 frequency sub-bands (i.e.

@

EEG
Recording
Electrode Electrode
] F4
Wavelet Wavelet
transform transform
Statistical Statistical
features features
Normalization| Nomualization
Classification Classification
of F3 model of F4 model
@ No
Yes
Circle “O” or Line “-”

Fig. 11. Flowchart of real-time character-writing system.
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Gamma, Beta, Alpha and Theta) using the wavelet trans-
form. Second, we compute the statistical features of each
sub-band. With 2 channels, there are total six feature vec-
tors in each sub-band. Third, each feature vector is normal-
ized by scaling between the —1 and 1. Fourth, the
normalized feature vectors are inserted into the classifica-
tion model, created from the previous experiment, to clas-
sify the circle “O” or Line “-”. If the output of F3
classification model is equal to the F4 classification model,
the detected character will be the circle “O” or line **-”
depending upon the output values. Then, the system will
question the user with the options of Yes or NO. If the user
chooses No, the user will have to blink the eye in order to
return to new EEG signal recording. If the user chooses
Yes, the user will have to meditate around 2-3 sec to dis-
play the result. In the small square box, the circle “O” or
line “-” will appear depending upon the decision of the
user, who wants to display the character according to the
pattern of Morse code.

The “Display the word” section shows (displays) the
word that the user wants to communicate with other people
following the process in the section “‘Decision the charac-
ter”. An example shown in the Fig. 9 presents the word
“HELLO” in which the last character is “O” according
to the pattern of Morse code, which contains three lines
- as shown in the small square box.

4. Discussions

From experimental results, we can conclude that the
suitable position of the electrodes comes out to be a pair
of electrodes (F3 and F4) at frontal lobe and provides
the best results as compared to other areas due to its
important role in the perception of information and corre-
sponds to the work presented in (Gevins & Smith, 2003;
Knoll et al., 2011). Considering different frequency bands,
the results show that the frequency bands are composed of
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| |
|

|
|

‘ ‘
| |

| tor |
|

| |
|
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Maintenance ) : E
_Images ‘

Organizing , '
[ Images: ¢ : '

* Processing

gamma, beta, alpha and theta, and have almost similar
average classification accuracy. Interestingly, these fre-
quency bands are related to the animations in which the
volunteers are imagined at that specific moment. To
explain these results, we divide the process into 3 parts as
shown in the Fig. 12. The first part is the perception of
the information by gazing at the animation in consistent
with the activity of beta wave. Its activity is the usual wak-
ing rhythm of the brain associated with active thinking,
active attention, and focusing the outside. The second part
is the process of working memory having the role of
responsible importing, sorting, and obtaining the mainte-
nance information; consequently it causes the higher
gamma wave (Fitzgibbon, Pope, Mackenzie, Clark, &
Willoughby, 2004; Howard et al., 2003). The final part is
the process of mental workload by retrieving the informa-
tion from the working memory and uses the retrieved infor-
mation in response to the imagination of the structure of
character. This process causes the higher alpha and theta
waves which are consistent with the works presented in
(Borghini, Astolfi, Vecchiato, Mattia, & Babiloni, 2014;
Lei & Roetting, 2011; Sammer et al., 2007). Therefore,
we can conclude that the character-writing imagination
affects the four frequency bands which are composed of
gamma, beta, alpha and theta.

5. Conclusions

In this research, we have found the possibility of brain-
wave classification without the help of limb movement and
any stimulus for the applications of character-writing. Two
obviously classified characters are “*-” and *“O”. Consider-
ing each pair of electrodes, we have found that the position
of the electrodes (F3 and F4) at frontal lobe provides the
best result as compared to other areas due to its important
role in the perception, maintenance and revival of the
obtained information. By comparing the accuracy of

Stages 3 : Mental Processing '

Retrieval

\ 2

Fig. 12. The brain activity in 3 processes which are perception, maintenance and retrieval.
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classification among different frequency bands, we have
found that the imagination of the horizontal line and coun-
terclockwise rotating circle affects four frequency bands
which are composed of gamma, beta, alpha and theta.
We can create an application to spell the character with
BCl-based through the imagination with a pattern of
Morse code without any focusing on the limb movement
and stimulation all the time. This application uses the
specific positions of the electrodes (F3 and F4) in order
to record EEG signal obtained from the imagination of
the horizontal line and counterclockwise rotating circle
and detection with four frequency bands which are com-
posed of gamma, beta, alpha and theta.
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Abstract: The patients with brain diseases (e.g., Stroke and Amyotrophic Lateral
Sclerosis (ALS)) are often affected by the injury of motor cortex, which causes a
muscular weakness. For this reason, they require rehabilitation with continuous
physiotherapy as these diseases can be eased within the initial stages of the symp-
toms. So far, the popular control system for robot-assisted rehabilitation devices is
only of two types which consist of passive and active devices. However, if there is
a control system that can directly detect the motor functions, it will induce neu-
roplasticity to facilitate early motor recovery. In this paper, the control system,
which is a motor recovery system with the intent of rehabilitation, focuses on
the hand organs and utilizes a brain-computer interface (BCI) technology. The
final results depict that the brainwave detection for controlling pneumatic glove
in real-time has an accuracy up to 82%. Moreover, the motor recovery system
enables the feasibility of brainwave classification from the motor cortex with Arti-
ficial Neural Networks (ANN). The overall model performance reveals an accu-
racy up to 96.56% with sensitivity of 94.22% and specificity of 98.8%.
Therefore, the proposed system increases the efficiency of the traditional device
control system and tends to provide a better rehabilitation than the traditional phy-
siotherapy alone.

Keywords: Rehabilitation; control system; Brain-Computer Interface (BCI);
Artificial Neural Networks (ANN)

1 Introduction

The patients with brain diseases (e.g., Stroke and Amyotrophic Lateral Sclerosis (ALS)) are often
affected by the injury of motor cortex, which causes a muscular weakness. This is the major cause of
disability and affects the Activities of Daily Living (ADL) [1,2]. In addition, the report of World Health
Organization (WHO) has shown that the stroke is the second leading cause of death worldwide.This is
associated with the deaths of approximately 6 million people around the world each year [3-5]. Until
now, the number of stroke patients has increased as the world population is entering an aging society [6].
The most common effect of stroke survivors is muscle weakness or partial paralysis, which is confined to

[ This work is licensed under a Creative Commons Attribution 4.0 Intemational License, which
@ 0 permits unrestricted use, distribution, and reproduction in any medium, provided the original
e BY work is properly cited.
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one side of the body and is known as hemiparesis. Likewise, ALS is one of the neurological diseases that
affect nerve cells in the brain. When motor function is degraded, the patients may not be able to move
some of his muscles. In no time, nerve cells begin to die, which eventually leads to a loss of motion
control and then the patient becomes paralyzed [7]. However, these diseases can be alleviated in the early
stages of symptoms [8—10].

Therefore, post-stroke motor recovery and ALS during the first few months are very important to initiate
continued motor regeneration. Repetitive rehabilitation can stimulate motor activity to help the patient in
terms of learning to regulate movement again [11,12]. However, patients can undergo physical
rehabilitation in minimal time as there are no physical therapists and early rehabilitation equipment
available. In addition, patients often refuse to go to rehab at hospital. As a result, the patient does not
receive physical therapy continuously. Hence, robotic rehabilitation can help solve the problem, as it can
record patients” real-time data for clinical follow-up to improve remote rehabilitation, alongside
customizing their own in-house therapies [13-16]. Recently, researchers have come up with ideas for
developing rehabilitation-assisted robots to improve the effectiveness of physical therapy [17-21]. In
general, robotic rehabilitation focuses on restoring the upper and lower limbs rather than hand/finger
rehabilitation, but the hands are one of the most important parts of the body as they play a fundamental
role in the work. Recovering hand function can help patients in terms of ADL.

In addition, the control system of restoring robots is an important type of research. Popular control
systems for restoration robots include Continuous Passive Motion (CPM), Active-Assisted Movement
(AAM) and Surface electromyography (SEMG) sensors [22-25]. CPM is an automated rehabilitation
system in which The patient was continually rehabilitated according to the design without any effort.
CPM is used during the early stages of rehabilitation as the patient is unable to exert himself. AAM and
SEMG are the rehabilitation systems in which the patient must first exert himself, and then use motion
aids. Both methods are suitable for the second stage patients, allowing them to move some muscles. In
addition, both passive and active control systems can be enhanced in regeneration using brain wave
detection. Therefore, if there is a control system that can directly detect motor activity and increase the
participation of the patient during the rehabilitation process, it can induce neural resilience to facilitate the
early recovery of motor.

In this article, we present a control system named motor recovery system with the intent of rehabilitation
utilizing Brain-Computer Interface (BCI) technology. The BCI is a technology that uses brainwaves to
analyze and translates them into commands, and then relay to output devices for desired actions [26,27].
In BCI at non-invasive stage, the brainwaves that acquire the movement intention of users (e.g., motor
imagery or execution) are decoded in real-time with the help of feature extraction. Then, the neuro-
feedback system is utilized to increase the user performance by linking the intent to execute a movement
[28-30]. The neuro-feedback is the measurement of brain activities to produce data for teaching self-
regulation of brain function and present it with a positive or negative response to closed-loop control
[31]. The active motor is intentionally trained and reproduced to stimulate the first cortical motor cortex,
providing a better rehabilitation results compared to automatic (passive) movements or limb-only (active)
stimulation [32-34]. In addition, physical therapy in conjunction with mindfulness is more interesting
[35-37]. The experience of brain disease negatively impacts patients' mental health. Recently, researchers
have revealed that meditation, along with physical therapy, is more effective than conventional physical
therapy alone [38]. Therefore, the motor recovery system has two steps: The first step is to detect brain
wave while the user deliberately meditates to perform robotic-assisted regenerative control. In the second
step, the patient can generate some of brain waves from the motions to form a norm. Hence, the motor
recovery system detects brain waves in the motor cortex area while the user is controlling the robot-
assisted rehabilitation.
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2 Methodology

In this paper, motor recovery systems focus on affordable, agile, and easy-to-wear solutions for
rehabilitation. A commercial low-cost EEG headset was named NeuroskyMindwave and OpenBCI used
in the experiment. Both headsets include dry-type electrodes that must be placed on specific scalp
locations according to the 10-20 international systems as shown in Fig. I. The EEG headset can measure
different brainwave voltage fluctuations due to ionic current in brain neurons. The EEG sensor converts
these voltage fluctuations into digital outputs to be sent to the device’s microcontroller using wireless
technology. Most observed brain waves range from 1-40 Hz. These waves are categorized into delta,
theta, alpha, beta, and gamma. Delta waves (<4 Hz) are most likely to be observed during sleep. Theta
wave (5-7 Hz) can be seen during meditation. Alpha waves (8-13 Hz) are the result of the brain's
relaxed state. The Mu wave (8-13 Hz) is found above the motor cortex, which tends to be suppressed as
each part performs voluntary muscle movement or creates the intention to perform the movement. Beta
waves (14-30 Hz) are involved in the brain and active concentration. Low frequency (<22 Hz) beta
waves indicate an active and focused brain, while high frequencies (>22Hz) indicate anxiety. The
importance of gamma waves (>32) cannot be clearly identified [39]. The robot-assisted rehabilitation was
developed for the pneumatic system, which uses soft material safely to distribute force along finger
length according to the Harvard Glove [40]. Besides, the pneumatic glove provides haptic feedback to
volunteers as shown in Fig. 2.

Figure 1: The international 10-20 systems for electrodes placement

2.1 Data Acquisition

The Neurosky Mindwave device’s dry electrode is approximately positioned at Fpl and has a sampling
rate of 512 samples per second. In the first stage, the motor recovery system is focused on the purpose of
controlling the pneumatic gloves. Usually, the intention to do something can generate brain waves
involved in meditation. Therefore, the development of the system of early motor recovery uses real-time
detection of meditation. The volunteers participating in the trial were 21 + 2 years old and in good health.
EEG data collection was performed in a closed room, while the volunteers sat comfortably in their chair.
Volunteers put their hands on the table and watched the computer screen showing the countdown video.
When the computer screen shows “Start”, the volunteer rests their hands in their normal state for about
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10 seconds. The volunteer then imagines closing his/her hand for approximately 10 seconds. The measured
EEG data set is analyzed offline.

Figure 2: The pneumatic hand glove according to Harvard Glove 2.0

In second stage, the motor recovery system focuses on actuation for pneumatic right-hand glove control. The

EEG is recorded by OpenBCI devices with five electrodes comprising C3, Cz CP1, P3 and Pz positions. These
electrode locations are related to motor activity in functional areas of the brain [41]. The sampling rate of the
OpenBCI device is 250 samples per second. Healthy volunteers, right-handed and aged 21 + 2 years
participated in the experimental procedure. The EEG data retrieval was performed in a closed room, while the
volunteers sat in a chair and rested their arms comfortably on the table. The volunteer is asked to meditate and
watch the computer screen showing the countdown video. When the computer screen shows “Start”, the
volunteer turns their hands on for about 3 seconds and then turns their hands off for about 3 seconds as shown
in Fig. 3. In this experiment, all EEG data sets were collected from motion and contained approximately
100 data sets. The measured EEG data sets were later used to train Artificial Neural Networks (ANN) learning.

Figure 3: The EEG data acquisition on 5 channels from volunteer
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2.2 First Stage EEG Analysis

The EEG data set, measured in the first stage, is used to develop an algorithm for detecting motion-
intent, which has the following processes. Detecting intentional meditation requires knowing the Baseline
Parameter of Meditation (BPM) during normal conditions and can be calculated as follows:

N s o .
Med
BPM = Z & m;\;mn (i) )

i=1

where the meditation is a value of meditation from EEG headset. N is the number of meditation parameters
obtained in normal conditions (N = 10). Finding the Peak Value of Meditation (PVM) parameter can be
calculated as follows:

PVM = max(Meditation[1,2,3 ... ,M]) 2)

where M is the number of meditation parameters obtained during the imagination of slowly closing hands
(M = 10). The Threshold Value of Meditation (TVM) is used as a decision-making criterion in meditation
detection, which can be calculated as follows:
(BPM + PVM)
2

If Meditation > TVM, Decision is “The pneumatic glove starts to fist”

If Meditation < TVM, Decision is “No action”

The development for brainwave detection algorithm of a similar BCI system is named as the assistive
communication device in persons with severe disability [42].

TVM = 3)

2.3 Second Stage EEG Analysis

In the second stage, the signal processing of EEG dataset is digitally filtered using a Butterworth filter
between the corresponding Mu and Beta bands, 8 to 30 Hz, as this band contains the highest data related to
hand movement. Butterworth filters have a flat response to zero pulsation, which is ideal for brain wave
analysis. So we filtered the frequency below 8 Hz using the high pass filter and the low pass filter to
subtract the frequencies above 30 Hz using the 4™-order Butterworth Digital filters as shown in Eqs. (4)
and (5) respectively.

4

S
(2 +0.7654s + 1)(s> + 1.8478s + 1)
1

HPF = @)

LPF = 3

(s240.7654s + 1)(s> + 1.8478s + 1) ©)

In this study, ANN was used to classify EEG signals to identify hand movement patterns (Open hand and

close hand) from the given dataset. The learning process in ANN can be done using a training algorithm

named Levenberg-Marquardt. The training phase is to provide the network with sample data and adjust
the weights to estimate the activation function in a better way.

In the architecture of ANN, each neuron (j) in the hidden layer sums its input feature vectors (X;) after

multiplying by the respective connection weight strengths (wj), and computes its output ();) as a function of
the sum:
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Vi =f(z WjiXi) (6)

where 1 is the activation function that is significant to transform the weighted sum of all signals impinging
onto a neuron. The activation function / can be a simple threshold function, a sigmoidal, hyperbolic tangent,
or radial basis function. In this paper, for the hidden layer and the output layer, the activation function f is the
tangent-sigmoid (tansig) function. The sum of squared differences between the desired and actual values of
the output neurons £ is defined as:

1 2
E=33 (v~ W
J

where y,; is the desired value of output neuron j and y; is the actual output of that neuron. Each weight (w;;) is
adjusted to reduce E as rapid as possible. The adjustment of weight wj; is dependent on the training
algorithm. The Mean Square Error (MSE) algorithm is the defined criterion for the network performance.
When the MSE value between the network output and the target is less than or equal to the set value, the
learning process stops.

To evaluate the performance of the ANN model, the response can be tested through a confusion matrix,
Validation performance and Receiver Operating Characteristic (ROC) curves as shown in Fig. 4. A confusion
matrix was computed to define the accuracy of the classification outcome as shown in Fig. 4a. By considering
the results of the trained networks compared to the expected results (targets), output network, which are
correctly classified according to appropriate reactions, are shown as green squares and red squares. It
indicates an incorrect classification by off-base reactions. The gray squares in the lower right show the
general accuracy, which can be calculated from true positives (TP), false positives (FP), false negatives
(FN) and true negatives (TN) as shown in Egs. (8)—(10).

(TP + IN)

T LA Y N 8
Accuracy (%) TP+ FN+FPLTV) x 100 ®)
Sensitivity (%) = % x 100 )

i (TN)
Specificity (%) = —————— x 100 10
pecificity (%) TN + FP) X (10)

The validation performance is used to find the lowest MSE value for every iteration in the training
process as shown in Fig. 4b. At the point of lowest MSE value, the training should be stopped, and no
further iteration should be proceeded. It means that no further training is required, and we could get the
wrong results if we perform the training. The ROC curve is another metrics for determining the
assessment accuracy via Area Under the Curve (AUC) scores (AUC scores range between 0 and 1.0) as
shown in Fig. 4c. The AUC scores of discriminations indicate the capability of the ANN to properly
categorize samples. This threshold metric of segregation between both classes determines scores of AUC
below 0.5 (no classification) and 1 (perfect classification). Hence, the upper left corner of the ROC figure
depicts the perfect curve, which indicates the high accuracy of classification. The following scales are
employed to determine the classifier accuracy: excellent = 0.9-1, good = 0.8-0.9, fair = 0.7-0.8,
poor = 0.6-0.7, and fail 0.5-0.6.

2.4 Motor Recovery System

The aim of this research is to design an embedded system that can be used to classify and control
pneumatic glove using the acquired EEG signals. The “STM32" is the embedded system used to fulfill




90

CMC, 2021, vol.66, no.1 967

the aim of this research. The EEG data is processed through a program that we develop with the help of C+
+/C# programming. The result is given as an input to STM32, which is programmed to process the input data
for controlling the pneumatic glove. The data processing procedure considers the conditions of Meditation
>TVM or Meditation <TVM. The result of the condition generates a signal that controls the air solenoid
valve connected to each finger. The system stages from the data input to device control are shown in
Fig. 5. Fig. 6 shows the hardware composition which consists of 1 microcontroller, 5 air solenoid valves,
1 air pump, 8 tubes, 6 MOSFETs, 1 AC to DC power converter and 5 Pressure sensors.

Confusion Matrix
Best Validation Performance is 0.058982 at epoch 413
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Figure 4: The performance of ANN response model: (a) Confusion matrix, (b) Validation performance, (c)
Receiver Operating Characteristic (ROC) curves
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Figure 5: Block diagram of the motor recovery system

Figure 6: The control hardware composition

2.5 Software Development

The software of the developed motor recovery system consists of several sections which are shown in
the red box in Fig. 7. The red box with number 1 on the top shows the real-time EEG signal as the user
imagines it is working to close the right hand. Besides, the level of meditation is also shown in this
section. The red box with number 2 on the top shows the command settings including the TVM level
device connection, the air pump timing and the constant air pump waiting time. The red box with number
3 on the top shows the working status of the motor recovery system. A red circle means that the system
is working. A green circle means that the system is waiting for the command. Additionally, the user can
choose to inflate the air to the desired finger by clicking on the small square on the hand image.

3 Results

The pneumatic glove test with control systems developed in our study was performed on 10 normal
people (mean age 21 + 2 years), divided into 5 people to find the suitable TVMs and test the appropriate
TVM pneumatic glove control. This test is based on the satisfaction score of the Likert scale technique as
shown in Tab. 1. The score consists of 5 levels as follows: the range from 4.50 to 5.00, the range from 3.5 to
4.49, the range from 2.5 to 3.49, the range from 1.50 to 2.49 and the range from 1.00 to 1.49. They are
referred as Very Good, Good, OK, Poor and Very Poor, respectively. The TVM calculation results show
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values between 60 and 80. Hence, each volunteer performs 5 trials to find an average satisfaction score and
perform 4 trials by changing the TVM from the lowest to the highest value as shown in Tabs. 2—6.

Py
“ 1 2 3
Realtime EEG
COM6
24000
p Hand Comport
N coms
24000 Open  Close
40000 TVM Level
0 100 200 300 400 500 70
Receiving data =
Meditaion : 74 AcEos Vime (Sec)
7
Wait Time (Sec)
Load config xmi done. e
Start
Start o [Hand Manual Control
> Close  Open
Clear Log
Load Save

Figure 7: The software display of the motor recovery system

Table 1: The satisfaction score of the Likert scale technique

Very good Good OK Poor Very poor
2] 4 3 2 1

Table 2: The satisfaction score from volunteer 1 experimenting with the pneumatic glove control by changing
the threshold value of meditation (TVM)

Trials Threshold value of meditation

60 65 70 80
1 3 4 4 2
2 4 3 5 3
3 3 3 5 2
4 4 4 5) 2
S 3 4 4 3
Average 34 3.6 4.6 24

The best satisfaction score of TVM is used as a condition for device operation. In experiments, a
volunteer controls a pneumatic glove to successfully grab and release the ball. There are 10 trials in total,
with a time limit of 10 seconds for each trial. The results are shown in Tab. 7.




93

970 CMC, 2021, vol.66, no.1

Table 3: The satisfaction score from volunteer 2 experimenting with the pneumatic glove control by changing
the threshold value of meditation (TVM)

Trials Threshold value of meditation

60 65 70 80
1 4 3 5 2
2 4 3 5 2
3 3 3 5 2
4 3 4 5 2
S 3 4 4 2
Average 34 3.4 48 2.0

Table 4: The satisfaction score from volunteer 3 experimenting with the pneumatic glove control by changing
the threshold value of meditation (TVM)

Trials Threshold value of meditation

60 65 70 80
1 4 3 4 2
2 3 3 5 2
3 3 3 5 2
4 3 4 5 2
S 3 4 - 2
Average 3.2 3.4 48 20

Table 5: The satisfaction score from volunteer 4 that trials the pneumatic glove control by changing the
threshold value of meditation (TVM)

Trials Threshold value of meditation

60 65 70 80

RwW NN W W

A ]
(=)}

wmoEs W N -
W W W W WA
(35}
W WA WA W

Average
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Table 6: The satisfaction score from volunteer 5 that trials the pneumatic glove control by changing the

threshold value of meditation (TVM)

Trials Threshold value of meditation

60 65 70 80
1 3 3 5 2
2 4 4 5 2
3 3 4 5 3
4 4 3 4 2
S 4 4 5 3
Average 3.6 3.6 438 24

Table 7: The pneumatic glove control test with suitable Threshold Value of Meditation (TVM)

Volunteers Trials
(S = Successful, F = Fail)
1 2 3 4 3 6 7 8 9 10

6 S S S S F S S S S S
7 F F S S S S S S S S
8 S F S S S S S S F S
9 S S S S F S S S S F
10 F N F S S S S S S S

Additionally, our study considers the pneumatic glove control through the brain motor cortex. The EEG
data of acquisition from 5 channels (C3, Cz, CP1, P3 and Pz channel) is used to find the classification
performance between open and closed hand. We divided the datasets into 70% as training set, 15% as
validation set and 15% as testing set. Tab. 8 shows the ANN results of 5 channels with overall indicators

including Accuracy, Sensitivity, and Specificity.

Table 8: The ANN results of 5 channels with the overall indicators

Channels  Accuracy (%)

Sensitivity (%)

Specificity (%)

C3 96.2
Cz 96.7
CP1 95.3
P3 96.7
Pz 97.9

93

939
914
93.7
99.3

99.3
99.7
99.2
99.7
96.4
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At around 413 epochs of the C3 channel, the MSE validation is stable and the MSE is very low at
0.058982. It means that the training should be stopped because of receiving the best training for pattern
recognition. Similarly, for other 4 channels (Cz, CP1, P3 and Pz channels) at different epochs, the best
MSE validation performance is 0.05853, 0.044409, 0.049121 and 0.030337, respectively. Fig. & shows
the ROC results of 5 channels when the AUC score is close to 1. This means that the network has given
higher accuracy in hand movement classification.
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Figure 8: The ROC results of the 5 channels: (a) C3 channel; (b) Cz channel; (¢) CP1 channel; (d)

P3 channel; (¢) Pz channel
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4 Discussion

The results showed that the mean satisfaction score of TVMs at 60 and 65 were 3.36, 3 48, respectively,
meaning that pneumatic glove control was at an OK level. Although both TVMs can be controlled at an OK
level, they can be easily performed using some basic concentration in meditation, which creates a sense of
control instability. The average satisfaction score of TVM at 70 is 4.72, which means that the control is a Very
Good level. Due to Very Good level, a higher concentration of meditation is required to control the pneumatic
gloves as they provide stability in control. Considering the average satisfaction score of TVM at 80, the result
shows a score of just 2.28. This means that controlling the pneumatic glove is at a Poor level. Since the value
of TVM is high, it requires a very high concentration of intentions in meditation. Although the volunteers can
successfully control the pneumatic glove, the intent of practicing a consistent high concentration is very
difficult. Therefore, the satisfaction score of 5 volunteers can be concluded that the effectiveness of TVM
is 70. This conclusion is used in pneumatic glove control experiments where conditions for catching and
placing the ball were successful. The results showed that 82% of the volunteers were able to successfully
control the pneumatic gloves. In general, the experience of brain disease negatively affects the mental
health of the patient. Therefore, this success shows that meditation, along with physiotherapy, can be
performed at the same time and is more effective than conventional physiotherapy alone, which is
consistent with the work presented in [3%].

Moreover, we have found the feasibility of the brainwave classification in the motor cortex area. Based
on the results, the five-channel ANN model had an average accuracy of 96.56%, with an average sensitivity
of 94.22% and a mean specificity of 98.8% in terms of Open or Close hand. The result is a possible hand
movement in patients with second-stage brain disease. The ANN model then detects the corresponding
brain waves as the user moves by hand. The classification results are then translated into commands and
sent to the pneumatic glove control system to assist the patient in rehab. Physiotherapy with active and
repetitive motor intent can stimulate the activity of the primary cortex. This approach is likely to provide
better recovery results than conventional physiotherapy alone [32-34]. Although the method of the
second stage works. But it is not suitable for real life use as the device is time consuming which can
inconvenience the user.

5 Conclusions

In this research, we have discovered the feasibility of a motor recovery system through the aim of
rehabilitation using BCI technology. In the first stage of brain disease, the patients cannot generate brain
waves related to voluntary movements. Thus, the motor recovery system uses real-time brainwave
detection while the user is intending to execute the movement of pneumatic glove. The results show that
the volunteers were able to successfully control the pneumatic glove with 82% accuracy. Furthermore, we
have found the feasibility of the motor recovery system in the second stage through the brainwave
classification in the motor cortex area. Due to the second stage of brain disease, the patients can generate
some brain waves related to voluntary movements. Based on the results, the five-channel ANN model
had an average accuracy of 96.56% with an average sensitivity of 94.22% and a mean specificity of
98.8% in terms of Open or Close hand. Although the method of the second stage works. But it is not
suitable for use in real life as the installation of the device takes time which can inconvenience the user.
In the future, we will develop the motor recovery system in the second stage by reducing the number of
channels for faster installations to facilitate the users.
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