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ABSTRACT

Brain—machine interfaces (BMls) is a direct communication pathway between
brain and an external device. BCls are often directed at researching, mapping,
assisting, or repairing human cognitive or sensory-motor functions.
Electrocorticographic (ECoG) signals have been contain reliable information about the
direction of arm movements. These findings indicate that the ECoG is a potential
basis for a brain-machine interface (BMI) for application in paralyzed patients.
Determining a person’s intent, e.g., where and when to move, from brain signals
rather than from muscles would have important applications in clinical or other
domains. Detecting the onset and direction of actual movements are a first step in
this direction. This paper also demonstrate in a simulation that the information
encoded in ECoG from monkeys about these movements may improve performance
in a targeting task. In summary, the results in this paper suggest that detection of

intended movement is possible, and may serve useful functions.
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2.1 Electrocorticographic (ECoG)

Electroencephalography (EEG) {unisinaduanedlaendidninsnazgninamsellsld
Ushageriuauedaenssedmeldnglvandsuy visefisenin intracranial
electroencephalography (EEG) [1] #azassiutuiy Electroencephalography (EEG) 7

a g 9 Yo Vv = N g & ) &4 & oa o
sgndaninsanldinliusnnzinandsweudenaeilunsinanneusnuilotuRm

anufamilumelulad Electroencephalography (EEG) dagliansnsaifinveuiun
nsfnwlumsduiesnadeiuiitand g dahlugnsussiduaoamaundsemiuia
[2] Inefin1snsrardulitiaues ( Electroencephalography %3 EEG ) ilunstudin
Fyaallii FuAeansariuvesnsyualifivesngueadluaies Weillneunfiauesaud
wadUsvameilantfiienda Sasou (Neuron) Sruuanmnaduiudnisas waduenil
annsodndedsiuldlagnisvudseumelwiiiiuiewad WeiadussamdnmilldFuns
nszfulnsansiadiiiiondn arsdeUssam (Neurotransmitter) azudesayniafiiuszqluii
ThdulumuidedefiBends leussam (Nerve fiber) Tidousyniaeaduszam Tng
nszualiihUsinafosgfifniuiay Wnsedueadlsvamlildostszglafidelufuneny
el fiinduiliZondn rduaues vie adulinave (Brain wave) AaudLceil
Snvumedeulmniunevaaniiouaduiill tneldmhenmsiaduseuseund doaglune
Unfedulnihauesiiduung willeinauRaunfivesates arufnunidufiauisansals

NMIHSIVPAULNANFLDS

Frontal

Fronto-central

Central

as¥



Beta
(12-25Hz2)
Alpha
(8-12Hz)
'\,\/\/\/\/\/ Theta
(8-12 Hz)
\/\/\J Delta
(1-4H2)

Uil 2.2 dnwazaauvilannseues EEG [3]

M990 2.1 TRAMUDLAZENIULVDIAAUTTAAE

Brainwave Type  Frequency range = Mental states and conditions

Delta 0.1Hz to 3Hz Deep, dreamless sleep, non-REM sleep, unconscious
Theta 4Hz to 7Hz [ntuitive, creative, recall, fantasy, imaginary, dream
Alpha 8Hz to 12Hz Relaxed, but not drowsy, tranquil, conscious

Low Beta 12Hz to 15Hz Formerly SMR, relaxed yet focused, integrated
Midrange Beta 16Hz to 20Hz Thinking, aware of self & surroundings

High Beta 21Hz to 30Hz Alertness, agitation

w¥aufututnUsranine ey mnsnUATRsIeT AU ILTEY
Feytyrau Electrocorticographic (ECoG) LﬂugﬂLmuﬁﬁuu’ﬂﬁummzamﬁm%’ummmﬁnﬁm
brain-computer interface (BCl) [4,5] a;mﬁamﬁLi‘]uwﬂé’ﬂwa}uaquifmﬂssmmdﬂfﬁ
mméﬁé’wiamﬂsé’fmuﬁmmﬂwma 19 MsAantsalaInisvedlsnandn, nsaseiAeaty
syuuUsyay, ECoG-based functional mapping wag Neuroprosthetics fiduadousie BC

v
v = ¥/ v

dryeurau ECoG Niuiingealnianusediasizilaauuveslatuazwuuisualnl

LNBLENANLANAIDININTTU AL ITDINUIUIINNTANNOUVIBAINTIUNUFIY N5

o

MaUANBNYBY ECoG wiinfigninanldivenaaeuanuduiusvetseuuussamiuauedves

uyedNvaInvany sufansindeulnl n133us anuaulasunwiazang

WN\J\MW =

0.01-5 mV
< 200 Hz

<i1mV
< 200 Hz

~500 PV
0.1-7 kHz

UM 2.3 Anuaigvesndualemuiumianin [6]



NM3AnNY ECoG ”Lﬁiﬁ%agal,%ﬁﬂLﬁaaﬁ’ué’ﬂwmzmsmamumL%Qﬁuﬁuam%mmﬁ
iy a AnUETisnety Fansrevauswesdyin ECoG eilAalaganIzLenagn
TughsmruafinanieuanunuuusaRL (30-60 Hz) Saden "High Gamma" (~ 60—
200 Hz) StmLamLLazmimmqamqmﬁmmmmimauauaamehqaﬁmlzhjaialﬁaa
innnmsmevavedluruEi Sudseiusar wiuezuiumns Rk LILUURRY

Touuned ECoG azuualéidu 2 Usaunmléun subdural ECoG (SECOG) Fatudin
Foyeuraaneslniianld dura (L?jaﬁ:uauaaLLazlmé’wé’q%uuaﬂ) uay epidural ECoG

v =2

(eECoG) et uvindgyeyraininile dura laedl sECoG 14 signal-to-noise ratio M1fin1, A1

[
=1

AZLALATINUNNEINTT UAaZRUUMIASTININTY (7]

B Arm Flexion
B Thumb and Index Finger
1 Thumb Alone

[ Speech Arrest

T A

SRR Y

]
A

JUT 2.4 fuvdinmsnsdianinsavubeuateuasmumiiinesdeiunisindeuinives

31908 IneNYnAkawneIteInunsmasulniIvesey, Fkuneinuniseasulnivestn

9

I
LR 4 a

feviav, dvruneriunsedeulmvesiniuile wasddunngiunisya (8]



2.2 Wavelet Transform

221 ﬂ’lﬁLL‘Umﬁ(‘\Iﬁ&I% (Fourier Transform; FT)
nmsutasiSesiluadnmansildlunsiaseidyqin waziieliienenis
Wnszvizinsulasdananlawuian (Time-Domain) Tieglusuvadlawuaud

(Frequency-Domain) &saziseniulaevialuindunism “awnnsu (Spectrum)” vos

Tryeyad aunsnlglunsiinseiveamuUadyiSesuanannuaunis

m .
— —j2nft

X(f)= [__x()e dt (2.1)

Tnstlazgmnzgd s udygraiTuransganunteneiu Jaminyiudeygiaid
anwauztdumuauuueu (Stationary signal) wadwisudygraminisiudsundadldned
(Non-Stationary signal) 813V IALAANSHANGINUNITIATISAFYQIUTINEINITUIARNY
YoelayanIwIa kartilpsa1niinisulanlite sl asvilvnsuismnudvesdyy il

A a Y A 1y a ¢ & I3 a

NIVIAIMNAAAINAUN JUNTUIUUTINITUATIZN sgaunmﬂawaLUumsLLanmiaﬂu
P9LIANEU

2.2.2 ﬂ’liLL‘tJaW\luSEJﬂusd’NL’ng’u (Short Time Fourier Transform; STFT)

2
¥

nsudasiiseslutiaanduazanusaiinssvideyalansnuanuiuasiia Ingas
\HenUSnYedIMTaLYNITIASIEALa I MsLU A s AlaLunat i ulas

o

a v da a | b
Aud Wieliladeyaaudfiinlugieiatugu aaEunis
L % —2jnft
STFT(f,7) = [__ x(®)x(t — 1)e"2/"tqt (2.2)
= ~ v Iz v : | a v o Y = g v
Feazdinslgilandumniingie (Window function) laeisainaanaudayayiaua sy
o a 6 b ! & & g Al LY P o ! ! (%
NsAwINKUUIISETIINUuAssde Uil duntninllieAaseaun I as nundy o
d‘ ¢ o b4 ! dy o vV d a s oA v
nsieuilindumihansiilalateyanisiaiiasmeanudluniswlasliSes wiliesnldy
flandumidnsfeaiudmsuynanuianuazdesdwniouiuyniurisasyinliiinay

AanpRoulunTIATwiveyala

2.2.3 M3uwlasimdn (Wave Transform)
MsBATIERdgIUmensaIan (Wavelet Transform) 1n2nnNSiaIL
sUsuuM BT wdyaanieun ludemvesnisudamisesuasmsudaniiFeslugiaia

Y
9/
[y

du Tnefianunsausussautsiatuaranuauanumngauls wndudygraniiannud



I

gazdindsuulamsniifamsaslsutisiavesilsidumiinenldliveuas Tuvne

) =

AsUSUTIaestenTunTadlin s uila udyananiianuastasiinsiuasuluag

4 [9]
MIleTedgyaarisnsulasdaaglivandeyaidataidunnuduiazians

Joyaaiaiivaina (scale) wiu nann1svesavldnfenisiindudnqusiuiudunguiie

v
A @ = YR

TdoSunelassasrwesdyaalag derdudngiidudygraamnsisoniumnlui “uvén”

{ (%
Y

ToefraunndnnsaziazilasiasauanienduRefudailanduiasdunnidnausiiie

Aenin "vlEsuwd” (Mother Wavelets)

1, t-b
hb,a(t) = TEhT (2.3)
We  h(t) Ao Mother Wavelet

a A WI1AmesaLna (scale)

b A3 W15 ALMBsEa1 (time)

MnauNs 2.3 asasungliignvasiladduiaiBatnaglfinen Suldaidn
(vavlinual) h(t) %Lﬂuﬁqﬁ%uLQWLﬁmLL;JﬁQnL?{aus‘hLmu'aLLazQﬂaLna‘Lmawwmﬁma% "a" ey
b madrdu Taefidanauazauilunmswasssduiudiunasioinmdatignainaly
uwanfindsnuihduanidawidwesinisusuesladiie 1/4/a waue [10]

2.2.4 nswUatnnkansaiiias (Continuous Wavelet Transform; CWT)
=3 ! d' O A a & o
sUsuUrINIsHUaLIMGakuUsBLlastulldnuuynT e ndyaalagandanis
Usuldsunaanifvosndaudldlunisiasizife dmiunsinsisiesausznauaud
geagldvisnanuay uasnsiesgresausenaunudiveldviniaimndie lneiiny
o Y [ LY « a & v N
nwaamthilunsulasimidnazgnusuluisasgmasanisinseidyaaluyngaanud

delimnzandmumsinsevidauandduaunisi 2.4
1 (o0 t—b
CWT(a,b) = \/_Ef—oof(t)(pTdt (2.4)

We  f(t) = dygranvinnisuas
@(t) = vldnu
a = wiAwosana (scale)

b

uNALROINISEDUALI (shifting)

N@AUN15N 2.4 Mother wavelet; ¢ (¢) siteulafuilanduntnilunisuda-

1385798 UNULOY U Mother wavelet; @(t) Agiinsusulasumnisdines a way b



FmszvilarmenisindygyiamineuligduConvolution)iuilsidunmién FuaingaEusiu
vosdnlUfiavdrnauasunsdyyi antuialieuseivainalaslasnanaignauly
BINSNTEAUALNATWS DY AUATUNNIEAUANATIFBINTS Yillar1AuD a9 Y

sonluluusarszivana TnenaannnisdesgiiliazeglugUresduyszavonman

1
a = 1 o

(Wavelet Coefficient) wiiiistlaziinnnuuaiugmiamuiiatuazanungs uidinsdivednin

M unuNfoIn1saNuTINSLeRndasltailunsias e iAe Ut INwaz A

v Y

a o |~
UYBULNUAMUINTY
2.2.5 M3wUasinidatuusdinmiog (Discrete Wavelet Transform; DWT)

msulasanidaluuiumbeimudui e lutymasinisivasimian
wuusiewiios Inefizuwuumsusuainanasidewunisdudnuaziluiisnliseioniu 3

ANWILAMINENNIST 2.5

n—k2m

DWT (m,n) = %zk e = (2.5)

dle m, n, kK Wuasdunudulaed
n fie Iuteya
m A9 LRILENINTUATULUAIUBIALN

k Ao munaninsidousiumnug

Ds(K)
> HPF R
k o A

x(k) Dy (K]

I HPF -
As(K)
> LPF

Ax(K)

> LPF

JUN 2.5 Mswdasnamidauuuiiunie



mswdasadawuudiuntie Wunshdyaiamsiusinseannud (Low pass
filter) uazAAga (High pass filter) iloynisuenesdusznoudnyameenifudndi
ANAs (Approximation) LLaza*"mﬁﬁﬂfnu?iqq (Detall) nedyaaiilduntuasringns
n15duas (Down sampling) s 2 yhlsiduausnedns (Sample) vesnadwsiilianananils

YOIF YRR

2.3 Principal Component Analysis

Tuthgtuiidaneiiumnnnedmiuinsanuunavesteyaiilssumsiamuniie v
sudedindudeddinisanvunnvesdeyauszauanudiia sgndlsamuniosinaudiduly
nMsesziisnaTAatulunats 9 furesnsinen dunsiaSaieenmsidasay
Tunaneanuin luvasidenmswanilvmueidmneedieadaiu uwinsnmsudledamii
waNeE19i [11]

Principal components analysis (PCA) [Uumafiagaaisudmsunisanuuin
UseasAveIn1svii PCA Ais uitim high-dimensional data deyafifis1uiudusioy
nsuIuieg 19 ezUsenauludsmediansndaemansiatedossauiu [12,13]

2.3.1 Standard Deviation

Mean AoALafe BIFRIINHATINVBIATIIVUAMITAMETINILTRYR Jaun1saal

n
o4 x-
%= Liz1 Xi (2.6)
n

Toel x; AesUsazdinmALedey
way n \Judwuvesdeyq
Variance fiadanuudsuau titeian1snsyatevestayalagazAnainainy

1 1 d‘ o o = o d’l
LANFAI9INALIAYYNNEN 2 UAUNITAIU

Lx=%)*
2 —of S
S =
) n
lnedl X \JuAadevesdaya

(2.7)

wae n WJuduureadays
Standard Deviation Aeguideauunnigiu ldiegminszanedeyaainAnaae

A 2 ~ | = o X
N3NAB 1NN 2 VBIALUSUIU HAUNITANU

s = LX) (2.8)
n

Tne?l x \WuAadevestoys

waz n \Juduvesdeyq
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2.3.2 Covariance

Variance wag Standard Deviation tJunisipsizuilanutoya 1 36 wenindeuadl

Y Y
a v

wnn 1 gwIuluAdidudosmanuduiusvesiinUsuaazifcag J1azgniseninn1sman

Y

Covariance #159A1ANUWUIUTIUSI Tneasilaunseall

cov(x,y) = Z(x_:z(ly_y) (2.9)

o7 & WuAadeveasnls x

—_ Q) 1 ~ %]
wag y luAanguesnibls y

cov(x,y) =0 cov(x,y) >0 cov(x,y) <0
Ul 2.6 JUuUUNTMvRtayaiia1 Covariance Wi 0, eendn 0, 1nndn 0 Ay
2.3.3 Covariance Matrix
Covariance Matrix A8 Lv3ngves Covariance NNATENINYAANY BNAIDEILTU

¥ v o i . L <@ a U
vadla 3 GQW Xy bag z AUULAY Covariance Matrix ﬂﬁ]SLGUEJu‘lWN
cov(x,x) cov(x,y) cov(x,z)

cov(y,x)  cov(y,y) cov(y,z) (2.10)
cov(z,x) cov(z,y) cov(z z)
2.3.4 EigenValues
FigenValues ¥3aAna1a9 (\) Jarnianzasuesuminddnia A ferasialagfivials
Ax = M Taed x laidumud Famldan
[A— Al =0 (2.11)
2.3.5 EigenVectors
EigenVectors vi3atiawmaslanyas (x) 1umsgaiiuseming matrix fu vector usif
snluannsaEndssTunfe nagusEwing matrix fu vector i fifte vector iy
autiues fsauioaiivuedusvesanmesnadnsisndluan vector dassihiTlugo
Ax = Ax = Alx (2.12)

[A— Al]x=0 (2.13)
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Nnnedafingrudisdiu szannsadandamstiuteya erunsUuuuvestoya
fuq Hunsuestayaluyulvl Tupiuansfemsdiiusiumeludeyayniug aumiind
Foyavaneiia Faendiagihannudile wisenilazuanseenunluguiifiaramny PCA 3
ananaududeunseiald

Forvnotrmileffondsniiaeanazastoyaud azanunsaanvuinvesdeyalnenis
andianldaseianuddneenty Ineilsilivinnsudeundastoyai dedaneiiiuves PCA
wwutadutumeussiolud

Fumeudt 1. Yueh Resamnpled Matrices fisuaaildiandeyeyiod Iy, b, .., (Yoya
fukuun1sBens) wassandiluguionees I

JUABUT 2. MunAmasyadaedy W vsswmay Channel anuauni1si 2.14

1 oM ;
= di=1 I (2.14)
Fumeudl 3. thiawes T vesdeyaunaumediais W
¢o-Ti-v (2.15)
Jumeudl 4. AinasyEndlaniGeus C
i
Wi n=1 s dur - AAT (2.16)

do  A=[d1d2... du] (2.17)

cov(x,x) cov(x,y) cov(x,z)
wienfe C = | cov(y,x)  cov(y,y)  cov(y,z) (2.18)

cov(z,x) cov(z,y) cov(z 2)
& ~ ° ) ad @ T o Qs Ta d |
YupaUyl 5. AR Eigenvectors Vi voiuning AAT (wnsng AAT dauailng)

innliasilulgeuese)
ATA Vi = Uj Vi (2.19)
JunpUT 6. INUNIZAIANBSLA1ZAe K (DU EigenValues NTian1zA1Laza9) [14]

1%
Y o o o

- 4 v ¢ =2 . an'
VUFRBUN 7. LN@iﬂL’JﬁLm@iLﬁ]’]%f\N PWUALYLYIUNININTT Project auguni1sn 2.20

proj,u = (”l;':”)v (2.20)

[

We U Pedyg Nz Project

v AD ANLD12A9
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2.4 Recurrent Neural Networks

2.4.1 Feed-Forward Neural Networks

nsgundayamelassielszamiiionvse Neural network {uisnsiilaunann

nsdaensvinuYeaNesayed lnessuuinisussiianafindefunheanudvisesad

Uszaminunuunnninisiaeussiudulasetie

%9 Neural Networks ¥9ulae A umadan1snennsaimeaun1siiandy unlaseny

VA faazviatg Tuagun 2.7

Hidden laver

MYiiEnRTTF syvrarr
Output fayer

31]17; 2.7 Neural Networks

L% v ]

Ineid1uUsznaues Neural Network azUszneulumediuddgmansauaiu Taun

1.

o

%
v o

Input Layer duiasdutioya input daustuaueduuniuegiusuauves input 41
fitoyazlstheiaztidunanlulines (u Machine Leaming azi3entladeiithn
Ansvinaii feature)

Hidden Layer \Hufuftogszninunans Sssiinaegramnndeussavsnimlumsatous
yodlima 39 hidden layer Tuaeiinduile uazusazduayilsuauves Neuron
whlvsflgiduiu Fansifisdusasdum neuron Avdwmaonsihuveding lu
dues hidden layer fimsvhauSsuaiiouduiizouideyaddnvione deep

learning TuLeq



13

3. Output Layer ﬁa%uﬁﬁw%’aga%ﬂé’mmnmiﬁflmmlﬂi%’mu $nuvesluualuduil
ariuagfugUuuuTes output Fesnistiluld sndegnatu suivindu
Regression 819rwualyl output layer Wuwuy 1 un tiesniniifesnisiaaua
e widnvnniduvaneanfiinlunasiuuiidesnis wu desnis predict w1
Fuvmsvesnwluunu x waz y wieuq fu Tunsdlissiedd output layer 1Ju 2
Tnuaunu 1Judu

n33a519v89 Neural Networks luguin 2.7 TdeSursanuduniussenitadnves

W150L903 Input Xy, (M= 1,..,M) lazdavesnisifiwas Output Yy, (n= 1,..,N) A1u

2
=1

Hrefiovosyuhludinues Input layer Inefifuusivaniazgneaiemminduenisiwes

U]

Wi (= 1,.,L;m = 1,.., M) wazsuiu by Tuvauedl L A9 Layer number @ausiaz

(%
(v

AU TENBUYDIIAMBSIAYQNUUadMIE nonlinear function fatiy Output MkARNgTnYY

nansagAuInildanaunisii 2.21
z1=f (XWinxm + by) oD, - (2.21)
Toed by o offset (W3e threshold)
Taeviluitaridu £ () azgrltifuilaidudnuesd idwmuade
1

gl (110%) (2.22)

35 & dy v a & 0o o = A
ey Output MNYUVBY hidden layers UILRNAUAWLUNINTANAUEDIVINAD

W1slwes Wy (n=1,.N; |= 1,...L) uaza offset b, %QnimLﬁﬁ'ﬂﬁuummai‘waé’wﬁl,ﬁa
519 Network Output AIuauN157 2.23

Yo = YWnz; + by (n=1,..,N) (2.23)

MnELsT 2.23 andiuldiatetenamundenndedifunts mapping 97 Input
X WUE Output y,, Fsanansnszyauduiugues Input wag Output denanldmuaunis
7l 2.24

Yn (xl»- . -»xm) - ZWnl f( ZM/lmxm + bl ) + bn (2.24)

Tnedl f (%) gninvualagaun1sin Ganuduiusiasgninvualagnisiiwes Wy,

by, Wy waz b, #sazaunsaiiuduves hidden layer lgannadi 1 layer
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2.4.2  Back Propagation

€4

BN %Y/ GV V) o tﬂ
R/ -«
- AR NK
AL A
% — b
L& s %
OUTPUTS
g ) e—
X
" Ym Was
NPU 3
! BTP&I\E;:% MIDDLE LAYER  OUTPUT LAYER DESIRED
NODES NEURODES NEURODES OUTPUTS

U 2.8 TnssthgUszanniiisunuuunsdoundu [15]
X, #o input Tnundt n fiisun N run
Sim 8 output Wnwes hidden layer nowriin1susue (Activation) U Vi,
Vi, 70 oUtput W84 hidden layer vdwhnsusuavesviuadl m iaan M Tnus
Vj Al output ¥89 output layer dewin1suiua (Activation) u Z;
Z;j fof output fiuSurudues output layer Tnundl j v J Tnun
tj fef output figosnsii output layer Tnuafl j Sviomun J Tnua
Wiy, fothmiinveadiudousswin input layer fu hidden layer
Wi j Aotminvendudensywing hidden layer fu output layer
1] AgdnsINTREUIAITENING 0 B9 1
T Aedruusoudagyhmsiseus 4 R Wudnnusouiifmue
q fedwuynvesdeyadiodgn & Q WWudafvua
e (D Foinnamostoyaoths
E fomiawansnadsvesteyasios

(%
Y

Tumeun1ssuudredlanivieyszamieuwuuLnsdoundunedaningud 2.8 uiadutuneuy

De
=De
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2.4.2.1 muuadrwuluualy input layer(N), output layer(J), hidden layer(M) wag
MuuadTuIutoya input kA output mﬂﬁ?uﬁ'mumﬁwmuiauqaqmﬁazﬁwmsﬁ&mﬁ(R)
sufsfiananeioonsuls

2.4.2.2 favuansiimesveadnsnisious (n) Aeglutaa [0, 1]

2.4.2.3 quimiinduiulinnidudenledlulassties 2 du Tnglilidegseni
[-1,1]

2.4.2.4 $uen input LiiemAN output

2.4.2.5 AuaAnasanly hidden layer(Sy,) nowinisusuasaumelendu
nsgAU (Activation Function) flanduginioss Feazldanly hidden layer Viagjsluﬂd’m [0,1]
Tnefisgagtdundaaunisi 2.25 - 2.27

N W dl

Output 484 hidden layer nauviin1sUTuAINAINIANNITA 2.25

Sm = 271;[=1 Xn * Wnm (2.25)

A 2

Output 84 hidden layer #a3vinn15USUANIAIAIENAITN 2.26

Ym = f(Sm) (2.26)
Hasuilausuen
1
TAE2 Xiinmunms (2.27)

2.4.2.6 AadA output Tu output layer uauUN1TN 2.28 3AUUUTUANA T
meflsifuiinuesnfeaunisn 2.27 Saglarilu output layer aglutas [0,1] dmsunadns

Tu output layer #83VNA1TUTUAIIZUANIAIANNITN 2.29

— M
Vj = Zm:l Ym * Wmj (2.28)
Output 483 output layer wdan1suSuAmfiasaunsi 2.29
zj = f(v) (2.29)

2.4.2.7 ¥AIANURANAINYBY output layer wazUsuthmin Taensi output 7
fualldiuseudisusu output fifmualy emAmanuRanain f1AnanuRanain
wnntseusulsinisusutmdnenuaunist 2.31,2.32 wimanuRanaetosndng
gousulalasainersiutoyayaseluiiun udinduluvde 2.4.2.5 uitidudeyaynaniing

voslayauuazluvite 2.4.2.8



16

ansnsnvAmAMNAANAIAlFRINEaNNTST 2.30
(@ = 1yJ — )2
e\l = 22j=1 t(j—z) (2.30)
msusutmiinsevinslyualy hidden layer wae output layer suaun1s? 2.31
ij(r+1) = ij(r)n{(tj(q) — Zj(q)) * [Zj(q)(l — Zj(q))] * Y, (D} (2.31)

nsUsudminszwieluualy input layer way hidden layer mugunsi 2.32

Wy (4D = an(r)n{Zj_l(tj(q) — 2@)[z@(1 = /@) |wy,, @
[* 7@ (1 = v )] [, @13 (2:32)

2.4.2.8 FIUIAAANAIATIREY (Mean Squared Error : MSE) Tuynquaiteya
Tngthanufiananavesisiazunvesaieyansiuiu udwhnsmanads Wweltlunis
n3aouimadndvemnadeyaluustassoutiuddiosnhaiananiivensuldviold den
auAnnaatuensuldliaunsEuIung wiidmesRanaReasInn A isousU LAl
pynaeUlsvhmIiSeudasudnnuiidmual el fasulieunsGeusudiliasuly
ndulvinde 2.4.2.4 IvsideRdoBudumsaiFeusseulnl

mimﬂ"ﬂmwmmmLa?{amlﬁé’fmmiﬁ 2.33
&y DAY
K= Q2q=1e (2.33)

2.4.3 Recurrent Neural Networks
Recurrent Neural Network iulassasnadmsuldfudoyafitidnvas Judsy
(Sequence) %mwmmsﬂ%’ugﬂmu%m Neural Networks ifiglanunsati state #3o
ANUSHOUNTINTINAY Input Data Filvifiasudun Tnefidwddasusznouse [16]
1.Hidden State Aauwin

2.Input Data a4 LIataguy

h
V> V.

® ® ®)
| | I
A PO A Pl A A
b & & - o

gﬂﬁ 2.9 laazunsuved Recurrent Nearul Networks

®
@

ol
"

Yo VN

A
A
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a7l A = hidden layer
ag hy = output 971 RNN fivian ¢
ag x; = input data fivian ¢

Wae y¢ = hidden state fvan t

9IN3UT 2.9 aeidiudndl loop Munduidunds Hidden layer 483 Neural Network

\osanadedfyues Recurrent Neural Networks fiAfe hidden state Aewwiiuag input

=

data sy Jaquu setulszlewives loop Hiiew Hidden state newntinduunldau waz

annsaeuaunislasail
ht = fh (Uhht—l + WhXt + bh) (234)

Yyt = fy(Wyht + by) (2.35)

Tneil fl, A® activation function 484 hidden layer (1% tanh %38 sigmoid function)
fy A9 activation function U843 output layer (WU softmax function)
W, Ao weight matrix 9849 hidden layer

Uy, @@ hidden-state-to-hidden-state matrix ( #3© transition matrix)

2.5 Correlation Coefficient

Junsafieneauduiussenineiauls 2 # laed Correlation Coefficient (1)

a ISP

A o a £ o o & & o 1 dee v o e & 1 o £ o o X
159 ANANUIEANTANFUNUS LUUAIUITDIANUFNNUTU FIAFNUTEEANTANAUNUSUILTLAD

e

58919749 -1.0 4 +1.0 Famndelng -1.0 TununeaANLImILUS9EeIsiAuduN LS
281901 L Ban 597U vndAlng +1.0 YununganuIn fukUsieassiaudunusiu
1959919110 tazyndadu 0 dununenm dnusisassslifianuduiussaeiu

] [ a (- s £ v @ & v & o dy
ﬂ’Wﬁ‘Uﬂ'ﬁ‘Wﬁ]'ﬁﬂﬂﬂ’]ﬁllﬂi%ﬁ‘ﬂﬁﬁ‘lﬁﬁllwua@EJVI'JIU’E]’H]I%LﬂﬂJ%@NU

Alr IYAUURIANUEUNUG
.90 - 1.00 fenuduiusiugaunn
70 - .90 fenuduiusiulusyaugs
50 - .70 anudususiulussauurunans
30 - .50 fiauduiusiuluszaus

.00 - .30 Janudunusnuluszauniuin
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WASDINUNY +,- UURWAVANUSLANTANAUNUS AL UB NN ANIVDIANUAUNUS TaeiInin

r fvesoenaneg + vianefensianuduiusiulluiiamadieiu udsuidiangedn

dvllsazinmgeluime)

r fivesoenang - vunefanisianuduiusiullufiamansaiutn (Fudsuiladiangs

AU sDNAIN T LIANEN)

9@ Correlation Coefficient fHagAunailaainaunsn 2.36

r = Lxi=H)yi—Y)

= (2.36)
(Ze 2 52

r=-0.90 r=-0.50 r=0.00
.T. :r" ‘f ) : 'f ‘F' H :- "'
X X X
r=0.50 r=0.90 r=1.00
R | Ea - § "
L Y . 3 Y PAG g
X X X

Aa |

gﬂﬁ 2.10 guuuunswlvesdeyaiilan r wiiu -0.90, -0.50, 0.00, 0.50, 0.90, 1.00
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2.6 uATefiAeades
2.6.1 Long-term asynchronous decoding of arm motion using electrocorticographic
signals in monkeys. (Zenas C. Chao, Yasuo Nagasaka and Naotaka Fuijii) [17]

winlulad Brain — machine interface (BMI) iunsdudyauaueaiielulinuau
gunsalifissndenisdeansiaeiitmneiletiemiogtienidedin vielifinuansa
Tunsipdeulmdeauedld Jsdanna Subdural electrocorticography (SECoG) 1iu
sUnvuRTwnlmsnzandmsvihluldau

funTinszidayaaldiinisiuinmi Time-frequency representation e
iluldinenisiedeulmvesds Tngld Partial least squares regression dwsunisviuneg
Asumtsnsiedoulnilusny xy waz z wazlden Correlation Coefficient (r) 1usain
Performance ¥8INaN1TNAADY
2.6.2 Decoding three-dimensional reaching movements using electrocorticographic
signals in humans. (David T Bundy, Mrinal Pahwa, Nicholas Szrama and Eric C
Leuthardt) [18]

duaial ECoG Wiiipaustanunsaldnensiamuwmianisiadouiild Swanunsanensia
kinematics (speed, velocity, and position) nswadeuiivesuanly 3 3ald Inelunisvaaes
wiiudeyanniireiiulsraudnimudwhnessidaaauuueelaiiald
Logistic Regression model Way Partial Least Squares Regression model Tun1sa3ns

machine learning wazldA Correlation Coefficient (r) Lans Performance 989n15MAa8Y
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A5ANHUNUIY

vaonlaazunsuiiuguueinsiaszidygyadusudds Prediction of arm motion
using electrocorticographic signals in monkeys Usgnaumedge

processing, Data Reduction, Position processing, Recurrent Neural Networks AINLER

Tugui 3.1

a

ECoG Signals

v

Pre-Signal processing

-Filter (Hardware setting)
-Re-reference
-Down sample

h 4

Feature Extraction
Wavelet Transform

v

Resampled
Feature Matrices

h 4

Normalized
Feature matrices

Time mapping

i

A4

waunn (ECoG), Pre-

Data Reduction by

Compute the average of

Principal Component Analysis Movement Position

v

Recurrent Neural Networks

Prediction by

v

v v

X-axis Position

Y-axis Position Z-axis Position

g‘d‘ffi 3.1 Prediction processing diagram
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3.1 Data Set

Tumuﬁﬁ’aﬁlﬁﬁwmw@uaﬂﬁﬁ’agamﬂ Neurotycho
(Chao ZC, Nagasaka Y, Fujii N.)[15] . inUsznaunside edyaaiuliinandaest
Tngldindidninsm ECoG 32,64 Channel (Unique-Medical,Japan) fidiintnsaunanfithy
YaEURIAUENaT 2.1 4y, (dusaudnans 1 uw. dudaanuiugdlan) 3.5 Taduns
Uqﬂﬁiqaéwafmiuﬁuﬁ Sub-epidural maqauaa%ﬂ%’waﬁmamquﬁuﬁmm%ﬁmmm

prefrontal (PFQ) iﬂé’nL?jaﬁjuaum somatosensory #an (S1)[19]

A o

FapAudtyey1ad ECoG wazlayanisiedaulmivealievsgniuiinseninnimeaes
Ineivayavesdygin ECoG aggniuiinmegninn1sdusegnd 1 kHz waydayanis
wdeulwvzgnUuinednsNsEuiegns 120 Hz

%

lupsveaesuiazATIdRrgnInliliuinduasiunthlunisvaass Sausazi

Y
o

Isunstniulyivgueims Faedeulmluguiuy 3 R seesa1veIM medouLsiasAsIAe
15 Wi Wneidayaly 10 wiiksnasgnlddmiunisiineusugduuunmsnensiia (Tayans
Anausy) wazdoyalussesiian 5 uitgaegaglddwmsunisnmaaesuanugndes (Teyanis

ATINADUANIUYNABY)

A
Monkey A Monkey K

Right hemisphere Left hemisphere

As

+Cs

7

UM 3.2 fuadLanIngauuaLIvedE@eddl (A way K)

CaN
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X: Left-Right
Y: Forward-Backward
Z: Up-Down

»
7

5U# 3.3 ifanegnsinansvessmedmiunisinmuniaie 3D MeLUNeINAUUY

o

Joyannnisindeulmgniuiinglgdnsinisdusiiesn 120 Hz luvasidyyn

R

CZA

ECoG gnuuiinsgdnsinsausiog 1 kHz Tuwdadnluy 1 unit vesnsiafeundedudu

391381 1 sec Agdlendayeynd ECoG 1000 #in waziivayaninisiaaeulvl 120 A1 ui

(%
LY

Wesnideyanenisedeulwadusumiweansindeuily 3 87 daulu 1 unit vse 1

sec 9¥3l 3 Dimension @MSULVUATIULAY Xy LAY Z
ECoG Signals
T

1000 —+—+— '

G- L i 1 1 i i i L i
O w00 2000 300 400 5500 600 OO 8OO 900 1000

Time

184 ECoG #1000 A1 Tu 1 unit %39 1 sec

CaNl
c
=b.
[GN]
nN

Q
2
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XY, Z Position

w10
Motion Data 1 unit(sec)

SDD T T T T T
=
L2 ano -
@
=]
Q. 300 =
~
> oo - ]
¥

1&'} 1 1 i i A i

0 20 40 &0 B0 100 120

Time

E‘Uﬁ 3.5 Motion Data & 120 A1lu 1 unit 38 1 sec

3.2 Pre-Processing
deyeynd ECoG gniuiingigdnsinisdudiegne 1 kHz siavesdynyinuaznsossie
Tlawmas band-pass fiaus 0.1-600Hz Feyey1ad ECoG wuu Raw gnenedsluaiaie?s common

average reference (CAR) wieLdunsifinen Signal to noise raito UYRIARYYIU

3.2.1 78 CAR agAuinALdevasnteddyanuazaua1ioanaindesdyayrauiiiien [20]

FIAUIUMUFUNTY
1 on
VR = R = Ty Vi (3.1)
n
Wio V Ao duaunad ECoG

LAg 7]

Y a

uaY i Ae anuveIdIanNge

uay n Ao IUIULAveIBLANTNIA
3.2.2 Down sample : 4 times LfianAN15EN9INIIFAIUI

FanniAudayanns ECoG gnUuiineednn1sduiieens 1 kHz waanns
downsample aglanadnsiudmann ECoG ﬁﬁé’m'}miduﬁaaéw 250 Hz

dndeyafiszyiumisnsidoulmuesdseziitnsadeudlu 3 §7 (X 41e - 9,
Y: $ramih - $rands, Z: T - a9) Inedredasumisteiiovesiiefiviiuemsse Sasittal

Plane (gﬂﬁ 3.3)
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3.3 Feature Extraction

3.3.1 Discrete Wavelet Transform (DWT)
Tumiasetuillevhnsuiusnnsulasaidauuudimthenldluduneu Feature

Extraction igsagnaien uazlaira Wavelet Coefficient unldidu Feature dmsunis

ATIEY T9AUIUALAANFUNITA 3.2

n—k2m

DWT(m,n) = %Zk f)e— (3.2)

Jlam, n, k Wuavdwusuleei
n fie LY
m Ao BULENINSUATULUAIVB AN

k 79 1avuaninisiaausiinug

Taeunuil £(k) fedyanas ECoG uwazimuna scale level = 3 Fwgld
Frequency bin Winffu 8 awna Tae Mother wavelet #ildiduniiafiSenin Morlet Wavelet
Tumsudasdaiuilaifumdnsiminindeadeiuitsduniisees STFT diuana
fagvimihfindnefuard dmaiildesnanlu 1 unit aviiteyaninnisaina 8 aina
3.3.2 Resampled and Normalized Feature matrices

971115 Down Sample Au@s Sampling Rate = 250 Hz Pndeii 3.2.2
gLy 1 unit ¥30 1 sec wdl 250 Auaziileru DWT 2glsideyaanmsaina 8
duna sty Coefficient Matrices axiiuunn 8x250

03910 Feature fidualldan DWT Ssastidnnudeyaiiunniasviing
resampled ANMN9281928NITAILIUM Simple Moving Average (SMA) 1Uuan 25 time
lags 719 1 unit(sec)

A 183910013 resampled uda Feature ML IaIsviEaLiBauA 25 A1
Tuta 1 unit w39 1 sec smfutoyaNNIsaINa 8 ana Jananenlu Feature BM3nG7idl

YA 8x25 lngazrwinilanugnsi 3.3

A +Ar+.+AN

SMA= (3.3)
N

Tnefl Ay Duaradelutisian N
N Judruiuvesniiaiiaesnisauie
31Nt Resampled Matrices flazgnuesuealsdlagnisAiuin Z Standard Score

LAAZTDIAILD AILUININTTIUNUAUAUTDIANUANLANANAY ANUN 3.4
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xX—X
[ (3.4)
S

lne¥l x Aedeyaiiagyinisuesuealsd
wag x feAadvedes

WAz s A Standard Deviation (AU84ULLNTIN)

3.4 Principal Component Analysis

ilesandeyafiniiinazyiing resampled auiiivestoyalu 1 unit Tvnanasvde
Dusminduun 8x25 udn Fedeyayaduiuumaseuifigniuiindunan 10 wiia
Channel) azdianu 8x15000 udnszdidninsanldidunuy 32,64 Channel uminddoya
Fananeifiu 256x15000 uay 512x15000 pwady deudoyailédinndu high-
dimensional data feiudiellidunsslunsAunuazannisiie over fitting lutunou
prediction (Neural Networks) ﬁqﬁaﬂamﬁi”lmu%’amvaaq

Tumddoatuiilsihien s Principal Component Analysis anld lpgiiToginavsies
AWaAN Eigenvalues Wag Eigenvectors maﬁagatﬁaﬁﬂﬂ%ﬂm Falgunannisuia
A89 Resampled Matrices fifupounsmumnaselud

Sumoud 1. Suen Resampled Matrices fisuaaildandaey1od Iy, b, ., (Yaya
fuuuun1sisens) wasuansdviluguanees I

QE.JI d‘ o s I dl U e{l
Tuppui 2. Anaamesuesnagy W vousiay Channel muaunisn
1

M .
=7 dii=1 I (3.5)
Fumouil 3. thnawes [ vesdeyaunausnediads W
¢i=Ti-W (3.6)
Tuseudl 4. AinaviiuvEndlaiFoud C
1
C= M Z’)I\lezl d)n d)nT - AAT (3.7)

do A= [d1 P2... Pu] (3.8)

cov(x,x) cov(x,y) cov(x,z)

wsenre C = | cov(y,x)  cov(y,y) cov(y,z) (3.9)
cov(z,x) cov(z,y) cov(z z)
YuRDUN 5. AN Eigenvectors Vi vosiuvang AAT (unsng AAT dauainlne)

ynnkdmsiluldnuass)
ATA Vi = Uj Vi (3.10)

Junaud 6. LNULaNzA1 Eigenvectors K (WU EigenValues A%an1zA113124) [14]
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dloldl Eigenvalues wudafeiuniuans Percent Confident ieflavidonanis
Figenvalues #iflnasionimsau ileswinAvaeques Eigenvalues sdieniiosunns deen
méflﬁaghjﬁmaGia%’aaga’[,umwmu Jeenansavhnisandlalnglideansenulag

TusAduilléidenldian Percent Confident 7l 95% #n Eigen vosdayaiildunas
nanendu Eigen basis FeyatuuuunisiGeud nisandwaudeyasgiilaemstndeyaiediuan
yhnsTUsiaatuify Figen basis Aldmuannisi nadwsiioonuazidunmindvostoyaiisu
n13 Reduction u& Fsagvhnmstndeyailuldludumeuntsviuesiely

proj,u = (”1::”)17 (3.11)

We  u Aedyaunazunun Project

v Ao EigenValues

3.5 Movement Position

desmnitlunszuiumseunthilduana ECoG Wekun1s Down sample 11udn
é’qﬁu%uﬂamqﬂ’rﬁl,ﬂ?{aulmﬁqéfaqﬁms mapping LAl gz mapping AaIA"Tign
annoUYDIdYI1d ECoG

Mniinal31eiudn sampling Rate vesdfyayias ECoG uaz Motion Data thuien
Talwinifu diteldiesions predict lusuaseduiiasldvnisusul output Tu 1 unit(sec) 3

BRI Input Tag? Input Aetayais1un1s Reduct 10 PCA ua3 du Output

Tl sawaaddndaienism Simple Moving Average &fnuindlaainansi 3.3
Motion Data
T T

600 T T
500
400 T,
300

200 [

X.Y,Z Position

100 [

-100

"ZDD | i | i
o 2 4 6 8 10 12 14

Time w104

U1 3.6 A1 Movement Position YW x,y Uz z
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3.6 Recurrent Neural Network

dmiutumeu Prediction Sstumauns predict Ingldvaya ECoG Wviuents
\ndoulmuesdsiinasounsnduiuems dedeyadiu input vesduluuMISeuFazly
Joyaveadaysy1ns ECoG FrunszuaunstounEug

Aeuazasn predict Alaldsududewhnisiinasu (Training) iieadszuui
anunsadoudiasdnaulaliios lusmiAdetuilfiterdaneifiues Recurrent Neural

Networks 3l Inglavinn1sien Neuron @wsunis predict mluwnu xy kay z woniudu

U 3 unit

Recurrent network

output layer

input layer

hidden layers

31]17; 3.7 Recurrent Neural Networks
9n3UTt 3.7 Al luluduves input layer asdu output Aldan PCA d1 n g
winfuduau Eigen basis #lfann PCA uaziflesanndeyaisdesnistst predict idudeya
fumisnsiadenlw 3 IRdeoslideya Output WU 3 factor usilitel Neuron vihauls
98198lUTEANS N MAWINITUEN Neuron dmsU predict Alunsagunu
Fatld input Judeyaves Toyunaddildann PCA Wlseeafienasmuneaudn
Neural Networks 1 input annlutlogiiuminiu #s RNN aziinisthuadwsluefinmniaude

“3eAAe output 91N state neunt Tundazidum Position vaalnU xy Lag z
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Taeaniinldanluefndaunduly 1 state azi38ni 1 timestep Tneflsnanunse
Faunduluninndt 1 timestep Al o910 output Tuednvztiedsmaliinig predict
nadnsluewanldrunndaiy wavannsafunmadnives RNN leanaunisrelui

h; = f,(Uyho1 + Wyxi + by) (3.12)

yi = fy(Wyhe + by) (3.13)

Ineit f,, @@ activation function v®3 hidden layer (91 tanh %38 sigmoid function)
fy A9 activation function U84 output layer (19U softmax function)

W, fio weight matrix 994 hidden layer

Uy, A9 hidden-state-to-hidden-state matrix ( %30 transition matrix)

183970 Training wdadsdunsiluealUldudsifons Test Tneunwildazidu
Foyey1ed ECoG MIN1Un1s Processing audunaunnanlunesuniiiuazdiuaes Movement
Position aztdunsquiiuiediassdumvesaesananouin@nfeaveial t-1 uay
t-2 Welddunndlululananaiildosnunfaziudiuues Internal stage Mazihldldiiie
IUIBANYBIYNLIAA LY

MNTUANIUNIAT Correlation Coefficient () TasdoyagaRuLUUNSISEUITUTBYa
A o v A I a do 3 a A U v & | °
Mhwele wegindshueesnuilululufiemaseriudunuurseld nefmimnny
aun1si 3.14

Z Xi—X —7
r = 2&D0iZY) (3.14)
. W i
JZ(xi—x) i=¥)?
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NaN13INNadN

4.1 Electrocorticographic (ECoG)

Yoyadya1ad ECoG 1a9deseninnismaasdfigniuiingiesiesnsinsdusiiegie 1
kHz fetasdayautaznsoimefiames band-pass Aaua 0.1-600Hz (1Jun1shsane
aunsakiudeya) lnglddianingm 32, 64 Channel dssirpgnsvasdayayos ECoG uiinls

ausogleanlugui 4.1

ECoG Signal ECoG Signal
250 T T T T T T T T . 250 T T T T T i T T
200 7l
200 - B
1 150~ 5
_ e H\ €
= = J‘l
= o
= =100 1
[=] o \
= =
100 - 1
50
504 8
or 4
0 . ! ; . . . . . &0 | i i 7 1 ! F . \
0 100 200 300 400 500 600 OO BOO 900 1000 0 100 200 300 400 500 600 TFOO 800 900 1000
Time Time
ECoG Signal ECoG Signal
200 T T T T T T T T T 200 T T T
180 [
160 160 [
140
& PR 100
= =
= 3
= 100 =
o [=]
P >
80 50
60
40 o
201
o " 1 " 1 1 i " . f 50 . . . . . i . . .
0 100 200 300 400 500 600 700 8OO 900 1000 0 100 200 300 400 500 600 700 800 900 1000
Time Time

JUN 4.1 segedeyadysyin ECoG Nduiinleann 4 Yesdryayradlu 1 unit(sec)

4.2 Pre-Processing

4.2.1 Signal to noise raito

=

Wisldunisanmausuniu (Noise) J9hpaiudnsndIuvsdy amedyaasunIu

i%
R 1% a

Aty nargna198lntaIe3s common average reference (CAR)
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4.2.2 Down Sample
Wesnihdyarunauategniuiinaiemey Sampling rate 1 kHz Tuudadnlum

1 sec azifouavesdyayra 1,000 A lnefilddayalu 10 wiiksniludeyasuiuunisisous
A 600,000 A1 Fenniuluuazenaasisnsslunisiiuin asesaninuIumenis
Down Sample auw&e Sampling rate WU 250 Hz Wi ingAnuideyadziiioun

250 %8 1 unit (sec)

ECoG Signal ECoG Signal
T T T T T

I " ! L | 4 40 s L |
1] 100 200 300 400 500 600 70O 8OO 900 1000 o 50 100 150 200 260
Time Time

;J‘Uﬁ 4.2 Fyayras ECoG T 1 unit(sec) 7k CAR waz Down sample snuasy

4.3 Feature Extraction
4.3.1 Discrete Wavelet Transform (DWT)
Asudaanidauuutiuniielesld Mother wavelet ¥ Morlet wavelet wag

AMuUAAN scale level = 3 sagla Frequency bin Wity 8 @na lenadwuslusanu iy

Wavelet Coefficient ﬁdg‘dﬁ 4.3 uay 4.4

Wavelet Transfrom

w104
g

154

Amplitude

16

44
g 10 12
6 »10%

Translation

g‘lh?i 4.3 Wavelet Transform ¥a3dgygy1ad 1 Channel
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Scalogram
Percentage of energy for each wavelet coefficient

q 035
Tt
[+ & 028
@ e :
gs i1l
o - i
e |!II!III" 0.15

el

0.1

[

0.05

0 5 10 15
Time {or Space) b «10°

g‘i.lﬁ 4.4 Wavelet Scalogram 1 unit(sec) ¥93dgygy1ad 1 Channel

4.3.2 Resampled at 25 time lags

910 DWT Tufadioft 4.3.1 a¢ldnadnslu 1 unit(sed) 1 Amplitude #ifidannnis
Aina 8 AuaziiAmIanan 250 d faluguil 4.5 n13 Resampled at 25 time lags ¥4
Fuaradlu 1 unit wie 1 sec Wldden1sm Simple Moving Average Tnenadwsiildoanin
Jusmindiivug 8x25 auguil 4.6 Fadleuanuiunw Scalogram azildnuadilusud

4.6 uaziilovinsuesuealsdmenisiiuin Z Standard Score agldnadnsidugud 4.7
Wavelet Transfrom

%104

Amplitude

250

150

100

Scale 0 o Translation

;s‘lJﬁ 4.5 Wavelet Coefficient 1 unit(sec) Ya3deygyad 1 Channel
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Wavelet Transfrom

0.5 4

Amplitude
=

.5 4

25

15

10

Scale 0 0 Translation

;J‘IJ‘Vi 4.6 Wavelet Coefficient 1 unit(sec) fikunas Resampled tauasdayayied 1

Channel

Scalogram
Percentage of energy for each wavelet coefficient

? AlN ;
6 25
4]
6 ° 2
[4a]
a4 15
A 1
2
0.5

) 5 10 15
Time (or Space) b % 10*

gﬂﬁ 4.7 Wavelet Scalogram 1 unit(sec) fiti1un13 Resampled ud1wasdyaial 1 Channel
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Wavelet Transfrom

Amplitude

25

15

10

Scale 0 0 Translation

5Ufl 4.8 Wavelet Coefficient 1 unit(sec) fignuesuealsdudrasdayaas 1 Channel

Scalogram
Percentage of energy for each wavelet coefficient

8 25
N %
d B 0N R :
B ; i
@ |
WA 1.5
£
S 4
wl 1
3
2 05

0 5 10 15
Time (or Space) b «10*

5UT 4.9 Wavelet Coefficient 1 unit(sec) fignuesuealsdudivesdyanas 1 Channel
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4.4 Data Reduction

119211115 Down sample Wag Resampled aﬁummmua’mawmu uiilase
Heyy1d ECoG uugﬂuummaaLaﬂimwaﬂasnaqafgfywmﬁmﬂmaﬂwmzmagaLﬂu high-
dimensional data Iﬂaﬁﬁ Feature Tu 1 unit lunsnguwn 8x25 G‘Z?GL{IH Feature Vl’mm’m?ll
wazanNdIy Fsdesandiuuteyareds PCA FedsAnnamman Eigen Tneiduin

Figen LaW1zuniuaazide 1ol

Eigen
2500 T T
N\
\
\
A
2000 [ N =
N
A,
\\
.
@ 1500 o &
= 4
g \
= i1
@ \
= )
W 1p00r = B
\
500 F \\ &
\\_
\\7_
-H"\..
D 1 Il I- —— i
i} 5 10 15 20 25

Factor

g‘i.l‘ﬁ 4.10 Eigenvalues fignundldvesdayayias 1 Channel
dlolgian Eigenvalues aaniudiisilufnan Percent Confident 7 95% @5a1nn13
munaazlden Eigen S9andl 10 iuneau Eigen basis filgasiilawmdiundy 10 77
mﬂﬁ?uﬁﬁauuau@iaz Channel 31 projected a4uUu Eigen basis Uadusiaz Channel qﬂﬁﬁa
udazmae Feature WuuvSnduunn 8x10 Tngan Feature M1a1a131n 25 factor Wiae

ViNeaLkA 10 factor

4.5 Movement Position

Motion Data
800 T T T T T T T

SDD 3

qi Q {rp }i ’| i ” ‘1 i"'ll A h [‘

fh" fEh! |f|“'ii:lkl"[|[.,'
- ||w“ “uw,l

100 1

40

(=]

|
' |

30

l:|

20

XY.Z Position
O

10

o
="

200 1 1 i i I i i
0 1 2 3 4 5 8 7 8

Time «10%

gﬂﬁ 4.11 Motion Data sampling rate = 120 Hz
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Tuhadod 4.2.2 Aeuniildyana ECoG #un1s Down sample a3 4 a%q Toya
nan1sedeulm3adios mapping atmsiuazifiosandsyaias ECoG K Data Reduction
9l 1 unit w3 1 sec wdeldiss 10 factor Manan deyamsnisiadeulmitdosiing
mapping NMeLIaNIwReansuILaniieliiedentsiUSsudiey anduddl 120 Ansie 1
unit(sec) Azgn Resampled Tuslsen1sAIuaum Simple Moving Average auimaaLies 10

A 1 unit(sec) 1é’maaaﬂmmugﬂﬁ 4.12

Motion Data
G0 T T T T T

500 [ ‘-
'|

400 f

300 H

20,2 Fosition
d
=

-100 | 4

"'2‘1:”} 1 1 1 1 1
o] 1000 2000 3000 4000 S000 6000

Time
3U% 4.12 Motion Data 811015 Resampled mutianvesdayay1ad ECoG

4.6 Prediction

4.6.1 Training Recurrent Neural Networks

msag predict Alngsndudesyhnisinaeu (Training) Wisassdane3iuliu
syuunay luideduillsiendanasiiuues Recurrent Neural Networks 1114 Taennsiin

Foyanildain PCA Fadu input lutagdusiuiu input 91nefindsnde Position Vel state

ADUNTN

warlusAdeTuillauen Neuron aanidu 3 unit @wsU predict ANUBILAL X,y LAY

7 hENAULNYAY unit
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Hidden layer

Output from PCA

®,Y,Z-axis Position

Xa

Xy

Recurrent Network

( Dutput from previous
state 2 timesteps )

;J‘U‘ﬁ 4.13 Recurrent Neural Networks #ifl input 210 PCA Wag state NOUNL 2 timesteps

Input Tutlagdu Feature 910 DWT 11115 projected asu Eigen basis 5euiae
waauazivuamvsnglu 1 unit use 1 sec 1u 8x10 fo 1 Yesdygra insizavtunindu
duaninsavila 64 Channel Tuaan 10 witasideyaduuuunsseusivuningy

Y

512x6000 #H18ANIH input 512 node

Input 21nOARAB Position 14 state Aeumthilsianue 3 factor (LAY Xy Uag 2) R
wen Neuron d1115unns predict Amvasustazuny Ingluniddeidldidentd nput 91nedin
Founduld 2 state visefiAe 2 timesteps wlaiaziian Input fiwnanefmieun 2 Avse
2 node fstiu input Tafignldidlulu RNN 9¢il 514 node wazwiniuiia 3 Neuron o9

13 predict

Output Aildazidum xy wag z position Leniume 3 wAu AsULAaY Neuron il

Output 1 AIdIMTUNIT predict ANUBILAAZLNY



Mean Squared Error {mse}

Mean Squared Error {mse}

Best Validation Performance is 40.8019 at epoch 6

,"-"\ s Traini

................................ 3 Validation ™
100 | . Test
----------- Best

10-1-3- =

10-20 H

11 Epochs

g‘l.lﬁ 4.14 Performance n15 predict 989 RNN Tulnu X

Best Validation Performance is 49.0324 at epoch 10

Train
Validation |
—— Tagt
S = Tor1
10-11} -
1ﬂ-29 -
i Il | 1 I | L ]
0 2 4 5] 8 10 12 14 16

16 Epochs

35U 4.15 Performance N3 predict 98¢ RNN Tuunu Y
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- Best Validation Performance is 90.9921 at epoch 14
107 :

e TN
Validation

—Ta st

s
e}
Pa

Mean Squared Error {mse)
=
L]

-10'2 = 1 1 L 1 1 1 | 1 1 1
0 pd 4 6 8 10 12 14 18 18 20

20 Epochs
gllﬁ 4.16 Performance N3 predict ¥99 RNN Tulnu Z

Faglavinnsilnaeuliiu RNN 1Seuiosudazla Performance 1@9unu X, y, z

2ONUINNIUN 4.14, 4.15, 4.16 AUAIAU LALALARINAMIAT mean squared error (mse)

1%
o

Fadunsvldunsasunuresteyaiinaoudindihazunuiveadeyanadou uonanilsl
Error Histogram ‘Lug‘dﬁ 417, 4.18, 4.19 e Histogram N azuantadayafuLUY
nsSeuslidmsuineus (Training), nswidiTeananfedeyaillidusunisasiaasy
AgNses (Validation data) wagnsldunadudiudoyanasouil Neural smsmageu

SaneIINYeILiues (Testing data)

Error Histogram with 20 Bins
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Errors = Targets - Outputs

gﬂﬁ 4.17 Error Histogram n13 predict Aluwnu X



Error Histogram with 20 Bins
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3UN 4.18 Error Histogram N3 predict ATMILAY Y
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Errors = Targets - Outputs

gﬂﬁ 4.19 Error Histogram n13 predict Alutnu Z

wazn31W Regression ManlwIlduveIayatsrnaoy Tayayanaaey uazloya

nadaulnefisia Correlation Coefficient (R) iquﬂugﬂﬁ'ﬂﬁuaﬂﬁugﬂﬁ 4.20, 4.21, 4.22



Training: R=0.99982 Validation: R=0.9913
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5UM 4.20 Regression plot Y8dunu X 31nT0yalnausy YANTIAEIU UALYANAADU

Training: R=0.99952 Validation: R=0.9946

O Data O Data
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O Data Data
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8 2
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-300 -200 -100 i}
Target

5U# 4.21 Regression plot ¥a3UNY Y 3NUoyARNUTH YANTIIERU Lavyanaaey



Output ~= 0.99*Target + -0.52
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Qutput ~=0.96"Target + -1.4
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Training: R=0.99893

2501
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O Data
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5UN 4.22 Regression plot 283unu Z 31nTayainousd YAnTIaaey Lasyanagaey

4.6.2 NaN1INAABY

Wi RNN 7isunistinaeuialunldeu aglananis predict vasA1 Movement

Position AWML xy wag z auluguR 4.23, 4.24, 4.25 audRu Fadayasuuuuae

wnuseduiy uezdeyail predict l9®affe output 910 RNN unusieduns

X Position

Predition
T

2000 2500 3000

JUN 4.23 Havesnsyingimunivesnsindeulmvesiielunuinnu X
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Predition
T

Y Position
3
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JUN 4.24 wavasnsvhesuntavesnmsndeulmivesiieluwuiunu Y

Predition

Z Position
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JUN 4.25 Havaensvinnegsmumisvainsiadeulmvesdisluiwiunu Z
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A1519% 4.1 1WSsuiiguen Correlation Coefficient () veen1sviTunamuntslunny x, v, z

Correlation Coefficient (r)

Prediction Model Position
X axis Y axis Z axis
RNN 0.46 + 0.2 0.41 +0.27 0.41+0.21
LR and PLS* 0.46 + 0.17 0.28+0.2 0.36 + 0.19
PLS** 0.71 +£0.11 0.71+£0.13 0.75 £ 0.08

*Joyaradeanauld 5 au [18]

**n= 35 experiments [16]
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1An Matlab ludauwasnis Pre-Signal Processing

% CMR (Common Median Reference)

MECoG=ECoG-ones(nCH,1)*median(ECoG);

%downsample 4 times
for i=1:1:nCH
dwndata(:,)) = downsample(fdmdatal(:,i),4);
dwnTime = downsample(ECoGTime,4);
end

nT=dwnTime(end)-dwnTime(1);

1An Matlab ludauvas Data Reduction
%Compute EigenVectors and EigenValues
fori=1:1:nCH
CoV = Zscore*transpose(Zscore);
[Ve,Va] = eig(CoV);
[Va, idx] = sort(diag(Va));
Va = Valend:-1:1)";
Val(i,:)=Va;
end
%Percent Confident
for k=1:1:size(Val,1)
ei=1;
pcon=0;
while pcon<(0.7*sum(Val(k,:)))

pcon=pcon+Val(k,ei);

ee=ej;
ei=ei+1;
end

eignum(k)=ee;
end

eignum = mode(eignum); %max frequency of ei
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Prediction of arm motion using electrocorticographic signals in monkeys
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Abstract

Brain—machine interfaces (BMIs) is a direct communication
pathway between brain and an external device. BCls are often directed
at researching, mapping, assisting, or repairing human cognitive or
sensory-motor functions. Electrocorticographic (ECoG) signals have
been contain reliable information about the direction of arm
movements, These findings indicate that the ECoG is a potential basis
for a brain-machine interface (BMI) for application in paralyzed
patients. Determining a person’s intent, e.g., where and when to move,
from brain signals rather than from muscles would have important
applications in clinical or other domains. Detecting the onset and
direction of actual movements are a first step in this direction. This
paper also demonstrates in a simulation that the information encoded in
ECoG from monkeys about these movements may improve
performance in a targeting task. In summary, the results in this paper
suggest that detection of intended movement is possible, and may serve

useful functions.

Introduction

Some people who suffer neurological diseases can become
severely impaired and have strongly reduced motor functions but still
have some cognitive abilities. One of their possible way to
communicate with their environment is by using their brain activities.
Brain-Computer interfaces (BCI) research aim at developing systems to
help such disabled people communicating with other people through
machines. A major aspect of brain-machine interface (BMI)technology
is the decoding of human intention from brain activity to generate
commands for controlling motor neuroprosthetic devices [1]. The
technology can help to substitute motor functions in individuals with an
inability or restricted ability to perform voluntary movements, including
patients suffering from amyotrophic lateral sclerosis, stroke, spinal cord

injury or other neurological disorders [I1-3]. Electrocorticography

(ECoG) has been employed to record brain activity for BMI

applications [4-6].

Data set

In this work, we focus on Subdural ECoG food tracking task
from Neurotycho (Chao ZC, Nagasaka Y. Fujii N.) [7]. The signals
composing the dataset, have been acquired from two monkey which
customized 32, 64-channel ECoG electrode arrays.
(Unique-Medical,Japan) ECoG and motion data were sampled at 1KHz

and 120Hz, respectively, with time stamps synchronized.

The monkey was tracking food rewards with the hand
contralateral to the implant side. ECoG data and motion data were
recorded simultaneously during the task (details in the reference). There
was no eye tracking. In each experiment, the monkey was seated in a
primate chair facing the experimenter with head movement restricted.
Each monkey was trained to retrieve food fed in 3D space. The length
of each experiment was 15 min: the first 10 min of data were used for
training the decoding model (training data) and the last 5 min of data

were used for validation (validation data).

Monkey K

Left hemisphere

Fig. 1. Locations of electrodes in monkey A and in monkey K
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X
X: Left-Right ! h
Y: Forward-BackwagJ Y

Z: Up-Down

Fig.2 The body-centered coordinates for measuring 3D hand positions

from the top-down viewpoint.

Decoding Paradigm and Data Analysis
Signal processing

ECoG signals were recorded with a sampling rate of 1 kHz
per channel and were filtered with band-pass filters from 0.1-600Hz.
Raw ECoG signals were re-referenced to a common average reference
(CAR) to increase the signal-to-noise ratio in the preprocessing phase.
The CAR method calculates the mean of all channels, and subtracts this
value from the selected output channels [8].

Body-centered 3D hand trajectories (X: left-right, Y:
forward-backward, Z: up-down) were calculated by referencing the

wrist position of the reaching hand with the sagittal plane (Fig. 2.).

=20

a0F 4

40 L s N L i . L
o 1000 2000 3000 4000 5000 6000 00 BOOO

Fig. 3. Raw ECoG data from one channel in 30 sec
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Wavelet Transformation

Time—frequency representation, or the scalogram, of the
ECoG signals for each electrode was generated by Morlet wavelet
transformation at 10 different center frequencies (10-120 Hz, arranged
in a logarithmic scale) with the half length of the Morlet analyzing
wavelet set at the coarsest scale of seven samples.

Wavelet transform is used for many BCI data analysis
applications to extract feature(s) [9]. It has an advantage over other
feature extraction methods that operate in only one domain, such as the
Fourier transform, or autoregressive modeling. Its basic use includes
time-scale signal analysis, signal decomposition and signal
compression.

The discrete wavelet transform (DWT) has a window size
that varies frequency scale. The set of wavelet functions is usually
derived from dilation and translation of the initial (mother) wavelet
¥ . (1 [10] where b and & are the scaling factor and shifting factor

respectively and normalized so that [11]

;! t-b
lp.thﬂ)=\g_5qj(T] (1

The scalogram of time t was calculated from-the ECoG
signals from t — 1.1 s to t. The scalogram was then resampled at 10
time lags (t — 100 ms, t — 200 ms.....and t — 1 s) to form a 10 = 10
scalogram matrix of time t. Considering edge effects in the scalogram
caleulation, ECoG signals from 100 ms before t — 1 s to 100 ms after t —
100 ms were used to avoid distorted data at time lags t — 1 s and t - 100
ms. The 10 * 10 scalogram matrix of time t was then normalized by
calculating the standard z score at each frequency bin; thus, the same
scale was shared across different frequency bins.
Principal Component Analysis

Many algorithms for dimensionality reduction have been
developed to accomplish these tasks. However, since the need for such
analysis arises in many areas of study, contributions to the field have
come from many disciplines. While all of these methods have a similar
goal, approaches to the problem are different.

Principal components analysis (PCA) is a very popular
technique for dimensionality reduction. The goal of principal

component analysis is to identify the most meaningful basis to re-
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express a data set. The hope is that this new basis will filter out the

noise and reveal hidden structure.

Analyzed Signal

02 04 08 0B 1 12 14 18 18 2 22

Scalogram
Percentage of energy for each wavelet coefficient

o048
036419
027833
020966
015808

0.1207
0081677
0.069483
0.052718

004F

wumEs o

o os 1 15 2
Time (or Space) b 10%

Fig. 4. Wavelet and scalogram

Analyzed Signal

Scalogram
Percentage of energy for each wavelet coefficient
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Fig. 5. Wavelet and scalogram 10x10

The key idea of the PCA method is to transform the signal
into a small set of characteristics feature, called eigenspace. which are
the principal components of the initial training set of the signal. In
recognition process a test signal is projected into the lower-dimension
feature spanned by the eigenspace. [12]
Stepl : obtain features signal I, L. ..., I, (training data) and represent
every features as a vector F

Step2 : compute the average vector v

W ZM Ti @)
Step3 : subtract the mean

$.~-Ti- ¥ 3)

Step4 : compute the covariance matrix C
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g |
C= ;fo:l ]n gnT = AAT (4)

where A = [d)l cljz__.djm] (5)

Step5 : compute the eigenvectors Viof 44’ (The matrix 44 Tis very
large -2 not practical)

ATAvi =uivi (6)
Stepé6 : keep only K eigenvectors ( corresponding to the K largest

eigenvalues ) [13]

Recurrent Neural Network

Artificial neural networks are computing systems made up
of large number of simple, highly interconnected processing elements
(called nodes or artificial neurons) that abstractly emulate the structure
and operation of the biological nervous system. Learning in ANNs is
accomplished through special training algorithms developed based on
learning rules presumed to mimic the learning mechanisms of biological
systems.

Recurrent Neural Networks are algorithm for sequential
data. The information cycles through a loop. When it makes a decision,
it takes into consideration the current input and also what it has learned

from the inputs it received previously.

® ®
- %—-{?H WIET
®

LY/ AP

Fig. 6. Recurrent Neural Network

A loop allows information to be passed from one step of the
network to the next. A recurrent neural network can be thought of as
multiple copies of the same network, each passing a message to a
successor, This chain-like nature reveals that recurrent neural networks
are intimately related to sequences and lists.

In case, Recurrent Neural Network forecast movement of
monkeys. Ideas of RNN is to make use of sequential information Each
member of the output is produced using the same update rule applied to
the previous outputs. Therefore inputs are normalized parameters at that

time including output at previous time (t-1, t-2 for this project).
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Fig. 7. regression plots show the network outputs with respect to targets

for training, validation, and test sets.

X Position
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Fig. 8. Example of prediction of X-positions of hand movements during

5 minute. (Blue represent observed and Red represent predicted.)
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Z Position
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Fig. 10. Example of prediction of Z-positions of hand movements

during 5 minute. (Blue represent observed and Red represent predicted.)

Conclusion

This paper can decoding of arm motion using
electrocorticographic (ECoG) which is Pre-Processing by Wavelet
Scalogram and Data Reduction with Principal Component Analysis
then using the Recurrent Neural Network to predict movement Which
predictions are sequential because the results of t-1 and t-2 (two time

steps) are used to predict.
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