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Abstract

Project Code: RSA5880030

Project Title: Epileptic seizure detection and localization from scalp EEG
signals using complex systems analysis and temporal pattern
analysis techniques

Investigator:  Asst. Prof. Suparerk Janjarasjitt
Department of Electrical and Electronic Engineering, Faculty of
Engineering, Ubon Ratchathani University

E-mail address: suparerk.j@ubu.ac.th

Project Period: 3 years

Epilepsy is a chronic neurological disorder that is characterized by
recurrent seizures. It is a common disorder that affects people of all ages. The
electroencephalogram (EEG) monitoring is the most common diagnostic test for
epilepsy. In this research project, scalp EEG data obtained from the CHB-MIT
Scalp EEG Database (https://www.physionet.org/content/chbmit/1.0.0/)
containing long-term EEG recordings of subjects with intractable seizures are
examined. Quantitative features extracted from scalp EEG signals using complex
systems analysis and temporal pattern analysis techniques are applied for
epileptic seizure classification and detection. In the computational experiments,
the sequential feature selection method is applied for feature reduction and
the support vector machine (SVM) classifier is applied for epileptic seizure
classification. From the computational results, the quantitative features
obtained from the temporal pattern analysis provide the best performance on
epileptic seizure classification and detection. The epileptic seizure detection
rate achieved is 92.42% while the averaged false detection rate is 0.007/hour.
Furthermore, the epileptic seizures can be perfectly detected in 17 out of 24
datasets and there are none of false detection in 20 out of 24 datasets. The
computational results also show that the computational algorithm for epileptic
seizure detection developed has a considerable potential to be further applied

for a real-time epileptic seizure detection and warning system.

Keywords: electroencephalogram; complex systems analysis; temporal

pattern analysis; epileptic seizure detection; localization
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7 vesaveileniindeuandnvarnslilUasunmauaveswamanvesaues
[40-41] nMsiATIzRLNsnTalngeduian nan1svaaoudermunuansliiu
Taussuanieanienudnuaznshinsudsumauafiuansstugenadesiuaniie

PNNYITINYINANAULALUSIUVDIFNDINANGAY WaNINT A8NARIAUNNSUVD4

v 1Y) a'

UoyadyunauaLssuunglunslanNaenAd oIt uaN1IENIINEITINYNLANAIY

Y

Auve9an0IdslauIa1InNITIATIzILNSNITala g1 ABN AR T AT LANAI T UD 19T

wPog19l5ANIY ALTUVRINTINTENINAIEBNISTUVDIAMULYTUTIUYIFUUTLENS

o o

ndawazrualiawUsusintuediussauildlunsimsziunsniialngefeniniis

[42] f9tU ANUSEUNUBIRENAAIAUNNSUTUBE N UBIIVBITEAUN LY N SUSEU0

Y

Arnudu dediEsuliiuanuunanaissenineimenmdsanniuvesdyauniu
aveswuumelunsinangegnduiinluseninavenisaldnuaslutenldladn wenaini

mMyinziusniialaeefendnligniluyssendlduazlivandiiiiuitnasiaves

|
= o

Fanidsaunnsy 2 Agernuwnlaunann 2 919999seaunIskuannandy

o

AANBAIRNEAEINANEAd T UNTTIRUNNIEEN

q

= '3 °

anuarvdygImduaNesinetesivandnlagnasivaeulunatvesasiign

q

A a 1A

wneilarngegaanizn [43-45] Tunsfinwidanan amganisngnileuinge

)
WwitsdlruenUagatiosnitgnseuinsuazgngeananiz figniaiAegaiidaiien
UINNIYATEULN ety gaNzTiarIngIanIzivauenisgnsonves
Sueasiitinsdsuuasiiamainy AAIENYRIZLANNE IVIANANEENLNTD
munaesnildlnenssandyaariuauesdiietostuandnvionnuaulaes
foynns [43-45] AAdnvazIaNNzYeIgARaRIRIE LAY AgeaaIaETinng 9 1¢
Qﬂﬁﬂﬂ%’ﬁ’uﬁmmﬂﬁuaumﬁ%waﬁfqﬁwzLLazLmea’Luﬂ:ﬁImaﬂ NAN1TYIAADY
Fadnnauandiiiuindyaundvatedidnuasfiunesnanniulddenadoeiu
AnMEIINe S Ie e saLesTiuanseiy [43-45] uenani anwariiueneenainiu
IgduannsagninluldfunmansafunnednuagnisssynsSuduuasnisiugnves

amednvesiUlelsaaudnlalagdie Felofveditnsiind1inonueYeINIATLIN



dmsunsisunazNsnITuLaiveliatazisnsiuuunlindenld Loy
wafiansnsaduiiuguiiaafonsuiuieuiuadauds ednlsfinnu wadanis
arduiinanidmaivssansamiideutirsugidonnaruudsusuednuasves
ﬁmmwmﬂﬁuaMQQizdeQmamsaﬂmﬁﬂw%mmLLUsUsamaaﬁﬂwmzﬂuaﬂsﬂam'j’ﬂ
seinethe wedanssuifisumdautsuuuiuiandudnmadanileigniimn
Usggnadldlunisnsadunngindalusifludyaaniuaissszezen [46] anl
Fafiengs dufte Sevay 87.3 waznansraduifiedaiiensh dudte 0.22 edwiadluady
wafild wenanil medauardisnmaderunaitlnliduidasmelsvamidion
(artificial neural networks) LLazm'ﬁL'%EJuiLﬂ%aﬁﬂi (machine learning) iéfgﬂﬁ’]m
Uszgndlddmsunisnsiadunmedn wu 38nmsduunwuulidudady [24] nns
AnTzviesAUTENaUNaN [47] MTIlATIzRIAUIENUDATE [48-49] LaziA3osdnsLan

WMBSIRI5U [50-52]

2. 35115NAa89

PR T GHEL BTG DI TEHEE

' [
£ % A av A

yatoyadnaunduatesiliinululasnsidoilifuyateyavesdygyaniu
auosfignasIvinlagliBidninsaaininliuunisdsus (scalp EEG) wasfthnlsaaudn
Fegnihunaingiudeya CHB-MIT Scalp EEG Database ol https:/
www.physionet.org/content/chbmit/1.0.0/ [53] ﬁm%@;ﬁaﬁmmﬁmﬂﬁuamaqﬁa&ﬂu
gudoyatgnaurmangihelsraudniidamednauayldieon (ntractable seizure)
filsaweruaiiinueasiu (Children's Hospital Boston) fthelsaaudnegluszwinaih
Aaneinsndsnniinganisldoiuaudniioltadonadnvazvesnnzdnvestag
wazUszidiumssnwisenssingn doyadyaunauaussgiasiaiauaztudinlngld
9n5INsTNAN 256 Med1eraIui uazANUazdeaTEau 16 Un NsInaiumiave
a@Lﬁﬂiﬂi@hﬂﬁ@i’;ﬁﬂLLasﬁuﬁﬂﬁﬁa;ﬂaﬁigzgﬂmﬂ?ﬂluamaﬂ%izwmmﬁma 10-20
g1udieya CHB-MIT Scalp EEG Database Ussqupdyadayaninauauossiuiy
24 ypdoya FsgniFendn CHBO1 CHBO2 CHBO3 TUaufls CHB24 yndioua 23 yadoya
wsn tiufe niuedeya CHB24 gnnsraiauaztuiinangtaelsraudndiuu 22
06 Tautseenifumanediuan 5 fegna Tengsgning 3 fa 22 U uazinavids
WU 17 freg Tongsendng 1.5 69 19 U yateya CHBOL uazyadeya CHB21
Juyndoyavesdynunduaussiignnsiaiuastuiinunaindegafentu yadeya
fynaunAuaessiunusioun 24 Ynvayalugiutoya CHB-MIT Scalp EEG

Database Usnaumian1izdninuiu 198 Ase saududeyadayananduauoiifiaig



g1wvinfiu 3,537,881 il eaziBuavesnveyadyanauaadwaziUslsAay

o

Fngnuansliluniss 2.1

M54 2.1 TgavdenvesyateyadyguniuatesaryUlelsaaudn

AN IIUIU S2YZLIANVBINETN (AUd)
yadoya o1y @) wvesdeya  anizdn . o .
G o nniiga  vesnign OEE]

CHBO1 11 145946 7 101 27 63.14
CHBO2 11 126923 3 82 9 57.33
CHBO3 14 136768 7 69 47 57.43
CHBO4 22 561792 4 116 49 94.50
CHBO5 7 140371 5 120 96 111.60
CHBO6 1.5 240228 10 20 12 15.30
CHBO7 14.5 241369 3 143 86 108.33
CHBO8 3.5 72003 5 264 134 183.80
CHBO9 3.5 244319 4 79 62 69.00
CHB10 3 180059 7 89 35 63.86
CHB11 12 125222 3 752 22 268.67
CHB12 2 85276 40 97 13 36.88
CHB13 3 118767 12 70 17 44.58
CHB14 9 93574 8 41 14 21.13
CHB15 16 143996 20 205 31 99.60
CHB16 7 68381 10 14 6 8.40
CHB17 12 75603 3 115 88 97.67
CHB18 18 128249 6 68 30 54.50
CHB19 19 107716 3 81 77 78.67
CHB20 6 99337 8 49 29 36.75
CHB21 13 118156 4 81 12 49.75
CHB22 9 111580 3 74 58 68.00
CHB23 6 95601 7 113 20 60.57

CHB24 - 76645 16 70 16 31.94
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Wesninuiutesduyiuvesdyaunfuausslulnasyntayaluimng

9 Y

o
o

wartesdynaesduaanauanaswanety lulasinsideifadenldtes
Funaesduauniuanessiuiu 18 Yesdugaduniouduly 22 YAUBYA
ﬁuﬁa CHBO1 CHB02 CHB03 CHBO4 CHBO5 CHB06 CHBO7 CHB0O8 CHBO9
CHB10 CHB11 CHB13 CHB14 CHB16 CHB17 CHB18 CHB19 CHB20 CHB21

1 (% (%

CHB22 CHB23 waz CHB24 lagdnuiuvestosdeyg ez dosdya1uuesdgin
nAuavesilddmiugndoya CHB12 uay CHB15 azlamzuazunnssoonly ves
Funamesduananiuanessiuiu 18 desdyaiudiviu 22 Yatoyausznau
pe FP1-F7 F7-T7 T7-P7 P7-O1 FP1-F3 F3-C3 C3-P3 P3-O1 FZ-CZ CZ-PZ FP2-
F4 F4-C4 C4-P4 P4-O2 FP2-F8 F8-T8 T8-P8 ay P8-O2

nsEUIUNSUTEIIANALA AT daYad U AR UENDY

Y

NIEUIUNITUTENIANALAY AT IE TRy ad vunduanedluninsinvedtasinis
Foausautseonidu 3 seezudn fuandugy 2.1 Fsusznaude
1) szegnsAnianAudnyMzaniy (feature selection stage)

Whmngvesszozmsfndenqudnvazians Ae nsldndenudnvazions
Yosdaanduasiungauiiotlulszendlflunisduun Faazdanaliléfuma
nssuundaaunduatesinedestunsdnuasldifeadostunngdnldegnsd
UsgAvEnmanniian

funeuisluszornisdndenandnvmziane Ussnaude 2 dunou il
AMANWULLANIZHN 9 QﬂﬁmamuazaﬁmaaﬂMWQWﬂﬁmmﬁmﬂﬁuauaq udmdeanndu

[y 1 [

ANENYRILANIZANY 9 vasdygundualefaineaninligniilufndentngneds

q

PNHASNSUDINITIUNNIZTN

2) sxeEMIIHNaouIdLun (classifier training stage)
WhrmngaesszeznsRngaudIdilun As ASANAITILUNE NS ULUILENTENING

fyanaeduanesiieadasiunniedn (é’zgz:ynmﬂ?iuamﬂmmsﬁé’aasmaeﬂumas

Tn) wazdyananivavesildiisndastunnsdn Guananivavedludinaai

seghilieglunizdn) neldnadnvaziameignanidenliluszoznisdmden

AMANWULLANE

v
[

TunoUITlUTEEENTHNARUMITLUN Usenausie 2 Tunau 6l Audnyny
wnnegnandenlilussegnsdnidenaudnvuianizsvesdya nnduausgnana
gonn wmgnihluldinasusduuniveliasnsaduunseniiwinnesves

AaanyaslmzignAndenlivesdyyinmduanessiieitesiunednuasinmes
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vesnnudnuazlaneigndndenlivesdygunauaussilifeadosiunnednléd
fign
3) TEEENITNTIIVUANIETN (detection stage)

Whmngvesszogmnmadunmzdn Ae mahmiduuninfiandldiuinan
szovmstinaeuiduunlulflunsduunnnneivesmudnuuzianzignanidont’

VO Y IUATUALD L NN TIATUNIZEN

JUADUITIUTTYZNITNTINTUNILTN USENOUAIE 3 TUNBU AIN ABIEN Y

9

wneignAnidentilusseznisdnifenaudnuasiansvesdyyuniuatawgnaia

20NN WAIINWBTVRIAMENYIRNBIETWYRId AT UaLDIQNINLUT WA

1% v o

A = o o Y v c{' & LY o A
@’JEJG]’J"NLLUﬂV]QﬂNﬂﬁ@uN’] mamﬂmsmLLumﬂﬁlmmLmummﬂuazy@mﬂauamaw

v [y o o

Weasiuniedn angdnazgnitansanuadadumemindulanoidenanisdiwun

¥ (%
=

mAnTuludunaugaing

2.2.1 AMENEULANIZVDINYUIUARUANDY
AadnyazlanzvasdyyunfuatamdnwkazgnilUldlunisduunuasnis
n3dunTzdnuUIeendy 3 nqu fe AEN13TINEIANNRUSUTILYRIENUTZEND
2 = & Y o 44' v &
nde Badunudnuusianvvesdyanduateilauiannansklawvian
Afmenmdsanniy dadunudnvauziamsvesdyginnduanesilaunaindnnis

< [ [

Junuanvuzianzredy gy anau

9

v Au A

wrlsnviaddeondunisuiasanian wazAdini.
ANRINLANNIINNITIATINFURUULTALIN
1 a R o/ a n‘ 3
ANABN13NUVDIAMULUTUTIUVRIaNUTEANSLINLER
[ A 1 I 1 1 ¥ [
dygaumduaneazgnulienaniludilsenauges 9 lagldnisudasavian
wuulisiowles 91uau 5 sxau (L = 5) Fedamalnladiulsznevdey 37U 6 du
Usznaueee all drulsznausvssduusyansaziden (detail coefficients) 471U31 5
dwsenoutos Wufe {ds,} {ds,} {dss} {ds4} wazr {dss} wazdmusenou
g8UIduUTEANSUsZINAL (approximation coefficients) 911U 1 diulsznaugas
Ao {ass} eidunnibauiuuuiildlunsuendiudsznaugesvesdnynynniu
AUp9 Ap INIAAABLUBSTE SUAUT 6 (6th order Daubechies wavelets)
' a =2 [ a £ 2 = d 1 [
A188N13NNYDIAMNLYTUTINTDIFNUSTANSLNIERg TUAAIAN BaIE AN

Yosdrygyauniuaued Insgnideuunume 4; Aualaann
A; = log, <Var (dLJ)> (2.1)

oy A1 = log, (Var (%,L)) (2.2)
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dle L fie Shunuseiuvesnisuendiuuseneuges dufie 5 sedu uas [ = 1,2,3,...,5
AAeN13TiuveInuuUsUTINTe iU ATE IR A Ay A3 Ay A5 UaT Ag VD9
FuaanduaneduiuS iU uAuaTaEUTEINTENING 64-128 32-64 16-32
8-16 4-8 uaz 0-4 139G ANAINY
AfeNNNAEUNNTY
AndenfdsaUnniuTesdyy A AuaNe LA INAINAARN 13Ny
wsUsuwesdisdvsinidn 4, Fiddnssurunaifeatufunisatneaudnuus
mnglunguueseaaniifiuvesmunlsunuresdulsyavimian Tufe nisuus
wendyanarauausseaniiudulszneuges o Wngldnmsudamanidauuliseion
$109u 5 sefuFenidnneluestd sudud 6
ﬁi']éffgaﬂﬁwé’qalﬂﬂm%’u%qgﬂL%‘&Jw.mué”m Yasip) ANUINNNINNITUTELIUAIAIY

Fureansmlseninmasni3fiuvesmuulsusiuvesdilsedvsindn dufe

log, (var (/1,)) wazANsEUYasIuendILUsEnaULos Wufe [ Turiesedu [ uag I
Adhenfdsaunniuresdyanaduaies 19 6 /1 JsUseneusie Y3 Y14
Ya15) Yo V0.5 %0E Y5 Ananaeenan Aamdureansigndszanaudilagldnig

Y Y

0ANREINAULUUTSMAaRaeian (least-squares regression)

'
v o

g v a ¢ a
i ﬂ‘l/liﬂll']%"lﬂﬂ’]i? Lﬂi’]%‘lﬂgﬂ LUULYILIAN

o

A7
fyanauduusznevdenvesdyaanduauesiignifouunudng {x, } {x,}

L) {3} {xs) wae {xg) @dldnmnnsadandudyaalngliiiowdan

fuseansasdon {ds, )} {ds,) {dss) {ds,) vay {dss) uasAduuseans

[
v Av

Uszanal {as s} v aggmihlududumsiesevgluuudaiat aiain
F1uau 12 AdalszneuferadresuenndgnueigngIanianiansi Ay 130
fdsaosindsvoalonnagauegagIaaranamEil A, AANLUTUTILYBUeLNE
WVDIAFEAFNEAIANIET A, ANLAABYSINANILONNATAYBITAGIARFIAALANT
Doy MnidsaesiadvesHaiLesmAgnvesgageaamananzi D, A1
LUSUTITRSURLNAYAYDIAGIAARERNET D, Aledsvesszesiesynings
aeanigaanzd Ly Mnfidsaesiadevessresinissningaguanigaionz
I AANAMUTUTIUYRATEBE YN STEMIqAgeaasanaINETl I, ANgIqRuedsses
vieszinsagegamanianzd 1, Avesszegieseninagegegaaniansi I,
LAYIIUYDINGIAAFNERlNLT N, Feimnallfinanmsiiesssiginuuidana
vesdyanadiuUsznoutenis 6 dyynamesdyyanaudes Tufe {x} {x;}

{x3} {x,} {5} wae {x¢} Imaﬁﬁm@qqmawwﬁ Prax LLasf\;mG‘hqmawwﬁ P W
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TasamAifeifoniegaidedidueigaunninagiosningasouina deanansn

q

Weuwnulalag
s+t
Pmax = { 1 = [ 5 } ‘x[s — 1] < x[n] and x[t + 1] < x[n] (2.3)
LAy
s +1
Poin=<{ 1= [ 2 } ‘x[s — 1] < x[n] and x[t + 1] < x[n] (2.4)
dox[sl=x[s+1]l=...=x[nl=xn+1] = ... = x[t]

Fadu At indldinnnnsinnesuuuudaavesdyguaduduosiozgn
ﬁﬂiﬂiﬂi’ﬂﬂum@mé’ﬂwmzLawwzmaqﬁmmWMﬂﬁuaMQQIuﬂ'mi”]LLuﬂﬂnvmiij’ﬂﬁfﬁmu
Favun 72 Admuiiaztesdryanavesdyananiuaes Tnea1iad e A Arm
Avar Dave Dims Dar Ly T Lyar Tna Inin W02 N, maaafyﬁymmuﬂszﬂawaa

D,yo 1 Dimsi Dyari Live 1 Lims.i Lyars 1,

var,l ~avg, rms,! ~var,l ‘avg,l “rms,! *var,l ‘max,/

{xz} WYNIIUUNUIY Ay ) A s A
Lyin g %02 N, ; A0

2.2.2 FBnsAnEenAMANYALIANIE
m@mé’ﬂwmzLawwxmaﬂﬁ@ﬁywamﬁluauaﬂmmamﬁaﬂE"@mmﬁgﬂaﬁmaﬂmﬁ%
grihlushunszuumsAadenadnvazianziiieansuiuresraAnanuazIaNE
maaﬁ@mwmﬂﬁuauaﬁwzgﬂﬁﬂﬂlﬂumsﬁwLLuﬂmasmi%’ﬂaﬂ N17AATIUIUVDIAN
Qmé’ﬂwmzLawws%aqﬁ@mﬂmﬂﬁuamaﬂﬁmalﬁmmma%ﬁuaﬂ@mé’ﬂwmzLawwmmé’zgzyﬂm
Aavavesdivadnas Tullauisemududeulunisswun anudesnisdmsunis

ANUIN LAYSEEZLIATMINITATUINTIANAIAIY

[%
av a A

BnsAndenaudnuazianzvesdyaueduanesiililulasinsideil fo 35
NIANLERNANANBULANIZAEIAU (sequential feature selection) Aflaridui
ﬁmaﬁlsﬁtﬂuﬂ'w51ﬂ5aﬁ1ﬁ§umiﬁmLﬁaﬂ@mé’ﬂwmxLawwmaﬂé’agwﬂamﬁuamq AD A1
ANgdsuUUaINSdsans Feegluguves

N
loss = Z w; (1- mk)2 (2.5)
k=1
e N w, wag my fe Srunuvesiiesng Amindmiusegnsduil k wazen
AYMULTDINTTUNF WS UF 0NS8R UT & Anuddy
223  NNFMUNAITYN
fduuniignianldlunssuunssrinanninesvesgudnuuzianndnves

(Y Y

Fouganduanssiulasin1sidell Ao MIIMUNLUULATEIINTIINADST9SU (support
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vector machine (SVM) classifier) Inediflandugunanidesedl (radial basis function)

1%
v A

Fafifieny weil
K <xj, xk> = exp <—||xj - xk||2) (2.6)
uilarduununans (kemel function) nnwesveIRuEnYazIRNZENTEId YY)
nduavedazgniuunesniiu 2 nguasnadesiunzdn Tuie nauvedyy uAdY
aupsiAgataaiungdn %QL“fjJumjmﬁaasmﬁLfﬁlumﬂﬁm%’umﬁﬁmuﬂﬁ WATNANVB
Funamnduanedilifedestunedn GﬁqL"f]uﬂajmﬁ’saemﬁLﬁ%ﬂﬁﬂﬁﬂﬂﬁfﬁ'}LLum‘f
2.2.4 N1IRTIIUAILYN
mM3nsaduamzinaznssihluguiuuresmsnsadunaaiedazgnusyndi
NANTILUNNAB TUBIANAN YA EHANYBId Y UAALALBY NTATITUATE
Fnusznousae 2 Turou i mMswdsianssuunlagendomaiinnsoonidssdng
1M (majority vote) warnsnsewan1sns1ady ludumeuresnisulsnantssuun
lngenAumAANTTERNIANIULIN HANTTIUNLININBSVBIAMENYULANIENENTD
Funnanduanesdadidiiu 1 wunanissuuniduuinuasdawinbu 0 wnuna
n531uunfiau melunsountsaanazgnuUsnaindu 1 wse 0 AN VO IE
NN tufte Kaflduannisulsnanissuunlagefomaianiseenidssdnenn

y,[n] vesdiudesn n vesdgygrunduaneinglunsaunteanavuawingu N,

AU
Yu[n] = mode {yp[n -N, + 1],yp[n —N,, +2], ...,yp[n]} (2.7)
1D yplnl 0] E\Iami‘{f’lLL‘LIﬂL’JﬂLma'gﬂaﬂﬂmﬁﬂwmzLQW’]%VIéJﬂSUEJ\‘id’mEJ'aEJﬁ n U3

Fy AR UALDS

naflasuannsuusian1sIuunlngendumainn1seendesdneuin A Nan1s

v A

A5293UNIEENUDIAU 1RSI UALUDIN1IETNADAILILITINATBIN1TUUSHANNS

'
a

o U a = 14 a1 < QIJ =
Puunlagofuwmaianisoonidestienn ym[n] uAUagukuasann 0 wWu 1 UuAo

1%
v A o

° | pRp=s a A
ANUS 1 N3y, [n — 1] = 0 uag y,[n] = 1 LagMIEUEATINILUNADAILAUIN
HavINIsuUIHaNITILUNlasedemATian1soandsstnwIn y, [n] daUasullas
970 1 10U 0 TuRe dunue n 9199 yuln =11 =1uag y,[n] =0 Han1593393U
mazsﬁ'ﬂLﬁaqﬁmzgﬂﬂiaﬂuﬂsxmumsﬂiaqmamamm%’uLﬁaﬁﬁmwamimmi’fu

o & PV I Yo \ A o % fu & &
m'mmLuaqmumagiﬂaﬂumﬂﬂ’mwzL’gm T, AMuuald lnswgn1saldngadunaves
Msnsadunndnilesiuadiun n asgniuinduniednasaideidiosvesia

FEMINMIEUAUYBINILTNIINNTATITUA TN UBIRUAWUN 1 uazN15AUGATDS
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amzdntudiaunewnihdaminndt 7, dwnnlaly wsnisaldndadunareinimnsia
Juamednidesiuddiun n agliiunisnseswazligniuindunnizdnlv

1
[ =

nsaTeideyadyyrunfuauauazn1sussiiung
nsaaesisiiumslulassnmsiteiiudseenidu 3 dnwva &l 1) nsruauns
Uﬁzmamau,afgmiwﬁsﬁa:&aé’fgfmmﬁ?{uamaqL‘flui’]EJStiaﬂé*ﬁgfgflmsuaqt,wiazsqm%auua 2)
ﬂizmumsﬂszmawaLLaﬁmezﬁ%’@gaé’ﬁgmmﬂ?{uammmiaqé“igmmsuamﬁiazm
foua uay 3) nsrvrumsUszinanauaziinnziteyadayuniuaisivemnyatoya

nsvnaeInaiunsiudnuuEN 1 ey 2 L%Uﬂ’ﬁ‘ﬁ’]LLUﬂLLﬁ%@i’JQﬁUﬂ’]’JS%ﬂLLUU

'
=

LlaNWIzA8819 (subject-dependent seizure classification and detection) Tuvaug?
maneaesaliunishudnuaei 3 Wunsduunwasasndunngdnuuuliduegiv

$19814 (subject-independent seizure classification and detection)

23.1  NSWUSHIUEE YDA INARUANDY

Y

é’zyapmﬂﬁluauaﬂunﬂﬁmé’magmmmLwiazsqm%agaazgﬂ auusoanludiugon
q Faflpuenawintu 512 ol Tumneividugesvesdyaniuavedissezig
Wity 2 3unl Ineusavadiugesvesdayaundvatesdidnideuiviudunnue
256 0 Fafunihiussezna 1 3und fhusiaaﬁu’mmmaqé’iyiy,mﬂ?iuauaﬂmwiaz
Yosdnyannveaiavyadeyareyndeyadyyuniuaiosiignloutrgnszuiunis
Uszananauazinszsiteyadnyanunauaiewnuiiliand fugd 2.1

yatoyadnyaunduatesdmiuusiazyndeyagnuiseenidu 3 yadeyades fu
fa yateyadesdmiunsAnionaudinuuzianie (feature selection set) Yntoya
gogdmiunsinaaudITLun (training set) uagyadeyagadmiunmageunis
WUNNILTN (test set)

Yatayataud nTunIsAnEeNANAN YzaNIzUSEN UM UE BB DIy 10
aduavedlutnaiiauifsafuamednynimnnisal fanunsoudsesnifudiugosves
Foanduaewasntitiafinizdn Lﬁmsﬁu%}Lﬂuﬂzﬂmaaé’aﬁymﬂﬁuammﬁ

£

graunauanoslutsaInouinMzdnsuRY

o

[

Aendastunigdn uavdrudosvasd
Wuszezan 6 uqﬁ%QL%UﬂdN%@ﬂﬁ vupAvanesiiifetostunsdnifiedia
Usinamesieyavesnguiessiiiduauldlliinnniniinanesteyavesnguietied
Duvannniuluuaraiaugassindiuiuvesiedwiiduuinuazay
dwiuyadeyadevdmiunisinasumduuniaryadeyagesdmiunisnadaeu
mﬁ'«iwLLuﬂmw%’ﬂUﬁzﬂauﬁaa’ﬁ"msiaasuaaé’aujcymﬂﬁuauaaﬁgﬂLLﬂqaaﬂLTﬁJuaaamu?ﬁ
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17

[ |
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saULdAzANITAlveInIEdNTIATOUARUTNSE U R YR Id AT UALDIag A ey
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Frnaneunzdn suzinnzdnuazndinnzdniussgninduyedeyadesdmiu

v &)

NISNAFDUAITTMUNANZTN UazaIULDBVDITY Y IUAAUANDIDU 9 FzanTnduy

v Y 3

Tayadmiunsiinasuiidiun

2.3.2 nsanAAaNETIaNIY
YR VT R A TN R R N AT RV H M AN R PR DR G IR RN

gadeyangnannoenunddiuviuvioun 84 A1 lnewusesniduraenisiiuvedniny

s
a a

wUSUTIUVRIFUYTEANTNNENT LU 6 A1 FIUTENBUMLAIANISNNVBIAIY

s
a

wlsUsiuvesdudsz@ndiavian 4, 4, A3 A4 As uaz g Amrdneniasaunniudiuig 6

(% '
A A

A1 BIUTENOUMAITINANGIEUNNT ¥, 3 V1 4 V15 Vou Vas H8E 73 5 HaZAIEITIAN

ldanmslingiguuuuBanardiuiu 72 A Jadseneumedintin A, A

Avar,l Davg,l Drms,l Dvar,l Iavg,l Irms,l Ivar,l Imax,l Imin,l ey N;(,l We [ = 1’2’3" : "6
YA DY R P T N PP U IR N DT VG IV FR AV R BA DN DTS TE L DR IIE Lo

Yatoyangnaineanuiazgninluiiunsiniden nsAndenAMEnYMEIRNIZYaIEI
g08URIFYIUATUANBINENTLYINAUNFUVBIAMINWULIANE TUAD NHUYBIA

aon137uvaIruLUTUTIuTesduUsEAVELINEN NnguuasAaniasEUnSL uaz
NALYIANTITIATLANNINNTIATIERFURUULTAIN

dmsunmesedludnuaed 1 Jufe nszuiunsUsTINaNaLasIlAsIEidaa

dyaundvansadusedesdyginvetsasyndoya vnnesverudnvusanei
wnluuszenaldlunisdiuuniasnsnadunnednasUssnauiumemauanvaglany
wandadurnudnvasangiignAndentuisasnauvenuanuazianis Tuvmed

v o [

nnweivesRudnyazanzitlllssendldlunisduunuagnsraduaiednd vs

=

nsnaaedludnuagn 2 dufie nsruIuNTUsTInNarawag AT IEIloyad AT

amamﬂsﬁaaé’@mmmmLwiassq@sﬁau”a%ﬂizﬂauﬁue’hamﬂmé’ﬂwmzL@Wﬂwé’ﬂ%qlfJu
AAaudnuazanzfignAndenlulras nguuesguAnuuzIaNL N TSR TR
Sty ueduauesasyatoyat q
2.33  MSHNEIUAIIILUNLAZNTTIUUNAIZAN
aamﬂé’aar"fUmiLLU'ﬂ?husJamaaé’mwzymﬂ?{uamadﬁ’m%’usqmﬁﬁa;ﬂasjaaﬁm%’wm
Anapusuunuaryateyadesdmiunsnaaeunisdiunagdn nsinaeus’
SuunuazNMIAgRUNSSTIMUNANzEnaznssThadsadeiunsnaaeutwuUsls

#il4 (leave-one-out cross validation) Ingdufiudnuaumnnisalvesnedniaualy
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IERRAI LG thifte nsiindeussuunaznssuunnsdnaznsyrhg vty
Sruauveavmnsaivesn iz dnviann

Tuisiag 0UTaINTANABUMTIMUNLAZNITIMUNNTIETN LINNBTVBIAAN WY
Lawwwé’ﬂmmﬁ’méaU%aqﬁmmﬁmﬂﬁuauaaU%LamsaUmamiaimaamw%’ﬂwﬁﬁq
ﬂiaUﬂquﬁqmuéaamaaﬁmmwmﬂﬁuauaaﬁaguiﬂ'lsﬂuszi’mlfgmdauﬂnz%’ﬂ YULANNIY
I wagndamedntuazgninlulddmiunmameasunissiuunnnedn nnmesves
Qmé’fﬂwmzLawwwé’ﬂmaqahuéaasuaqz?’fgfgmm?{uamaqehuﬁmﬁawgﬂﬁ'ﬂﬂ%’ﬁm%'u
NISHNEDUAITILUN

2.3.4  nsUsstiuyszansamwlun1sanuuntaznIIngI9IUNIZTN
UszAnsnmlunsdiuunseninainsosvesnuan vueamesnanveddug osves
”zyaunmﬂﬁ'uauaaﬁLﬁm%’mﬁumaz%’mmznﬂLmaisuammé’ﬂwmzLawwwé’ﬂﬁuaadm
dopvesdnyanunauanosiilsiifntesiunnednazgnusaiiulasendesiaidesldly
mMeUszdiulszdvBamlunsduundsUssneusemamiugnies (accuracy) AAny
11 (sensitivity) Aaudnwg (specificity) wazAnziu F, lngainugnaes

(accuracy) Aaula (sensitivity) ANAIIUTINE (specificity) wazAIAzLuY F;

AU150AUIULARN
TP+ TN
c = (2.8)
TP+TN+ FP+FN
TP
S, =—— (2.9)
TP+ FN
TN
S = ——— (2.10)
P TN+ FP
2TP
way F, score = (2.11)
2TP+ FP+ FN

PINERU waNaINt AmanusEIAAularAIANT Y Ferwanlafuans
Tuaunns (2.3) tude

TP TN
SS=8,%8, = X
P TP+FN  TN+FP

YNNINTU WL UY
N4 dl o

FriaiivsuandsnnuansalunsnsadunmedniivhnldieUsyiiu
Uszansnmlun1snsi9dunmednUsenaunie 2 ANan Ae 8RIILUNITATIITUAIY
4N (detection rate) AugnAedluN1INTIITUATIZAN waZdRIIWINIAT (false
positive rate) #398nT1IUNITNTINTUANETNRANAIN DRNTIUNIINTINIUANIZTNNTD
ANUYNEBIlUNINTINTUNIETN Ap SnTdUTENINTLINYRIUANTAIIeIN1IETN

N9nn5733UleRE 19 NAB LA IIUIUYBINANTIVBINILTNNIUA TUFR Z,/Z; e
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Z, #o Srnuveavmnsaivesnnedniignasaduldediegn uay Z, fe S1uiuves
wansavenndniuafiiedu Sasuaniia (false positive rate) vidodnslu
M3nsdunmziniianatn Ae Snsidusenineduiureangmsaivesanizdniign
n3rduianatn tufe nednldléiintu a vuznafignasaduiu uarssesna
ﬁgwumaﬁa;gaéf’zgzpﬂmﬂ?{uamamﬁﬁwmﬁm’mﬁ

uan9IN# ArmannInluNsIEYEaveIn s iRnluargnUssdiulagly
AnunaardoulunssEynatwessBuiuYeIn e tLazANLAaaLAAel U
sEyMveINIAUAATRIN LN ANuAmAAdeUluMITEYABINI BN uTes
Amednazgnszymeaadsasaldsdiysalvomasisnatiumsszymsiuduyes
i Tuiueadeatumunanedoulumsssyiaivesnsiugavesniisinag
gnsvyfeAndsuaraaisduysaivomanenatlumsssymsiugauesnnedn an

Y

WwagTamaILIaNluN1SIEYMSISURUYSONSAUgAURINIETN AL, WagA1lade

(% L3

duysalvemainaalunsssunssuiusaNsaugaveInedn Az, mwaleain

Ny
1
Atd = Z tdetected[k] - tactual[k] (2.12)
N k=1
1
uae Aty = — I | tseectealk] = fucrgall ] (2.13)
Na (5

19 £yoqeoeq WO Loy A9 L’JammmsL’%fué’w‘%amazﬁqmaamw%’ﬂﬁmn%’ﬂﬁ way
namenIEus e sAanYeIN1IEdNTIe uay N, Ale Suuresnmzdniavand
psduld Aiinfianlumsszynaresmisiudusazmsauanuesnnzdnidudamis
A faesaupanedeulumIszynaITeINI IR UL SALARTEINIE N B
Jeuunusng At,,, AeAniitesiigauesinduysalvemasanalunsssynsiEudu

WIONTAUANTDINI TN WA

At;, = min {

Z.dete(:ted[k] - tactua][k] | } (214)

3. WaN1InNnaag

3.1 ANANYNZANIENANYD IS IUATLANDS
Andnwaziozndnvesdy unauaLedlinannsdndenaudnvuzame
vosdutoeresdyaandualedeandu 3 nau Tufe Aaen3Tiuvesang
wsunuesduussandinde edenidanniy wasanidiadifuandnuue
mnzvesdyyanauaiefilinanmMalinnzisluuuidna tneliinsdnden

AMANYULIRNZLTIRRU (sequential feature selection) AMENWMLIRNIEMINURY
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Tryayrunduanemitoandu 2 dnvae fo gudnvuzlanzesdyyInAuEALDIUY

YDA YN LAZANAN BULIRANITVRITY Y IUATUANBIRUUYNY B EI0U

o/

3.1.1  AMENEALLANIENANVIIH YA IMARUENDILUUTINYDIF Y10

v v

o A [

AANBAELANIENENVDIFY QY1 UATUANDILUUT I8 YRR 10 AD AMNWaL

WnzvasdiugpsvRsaz oIy MvesdyunduaLesluLiar yataYa T

Us£NaUMmIEA1a0N13ALYIAMNLYSUTIUTRIdUUSE AN WA ANdenidsadnnsy

(% '
v A A

wazAd i dugadnuaziamzvesdyganiuanesiiliinanmsiinszsiguiuy
LBatan ﬁgﬂﬁﬂmiﬁmLﬁaﬂimaﬁﬁhmmq@,ﬁaLLwaumsﬁﬂé’qamLﬁuﬁwﬂaﬁﬁﬁwﬂw
L
Aaen-3avasnnnaulssuvesdulseansianidn
FrunuaisvesiaeniifiuvesnuuUsUTIuvesduUsE VS ER A Ay Az Ay
As 4ag g maqahueiaamaaé’zgzyﬂmﬂ?{uaummmqﬂﬁaQé*ngwmmaqLwiagsqmsi’fayjaﬁgﬂ
fndendunmdnuusamendnuaniaglunisns 3.1 uenaini Anadsveamsgndn
FondunudnunzianendnuesiaeniiiuresruilsUruesduusyansimian
Ay Ay Ay Ay As W Ag Suaaahua'aamaqﬁ@mwmﬂﬁuamﬂunﬂstiaqé’aujcymﬁuaﬂLwiasﬁqm

Toyauaniaglunisng 3.1

M1919 3.1 NANTARLABNAMANYMZIANIENENYRIA1ABNTNNVBIAULUTUTILYDS

[y

wUszdvdnnidnvesdaunduatoswuuetosdaaulngldniai

d
a o w I 1 &
Q@/LﬁﬂLLUUﬁNﬂWiﬂ’]ﬂx‘lﬁ@ﬁLUUV’]’]‘WQﬂ‘SﬁuL{jW‘ViﬂJ’]EJ

LTS AMANEALIANIY
yadoya AmANwME

LAWIZHAAN A 4 A3 A As A6
CHBO1 2.667 0.667 0.389 0.278 0.167 0.500 0.667
CHBO2 3.278 0.778 0.500 0.222 0.556 0.944 0.278
CHBO3 3.333 0.944 0.389 0.389 0.389 0.889 0.333
CHBO4 3.500 0.722 0.444 0.500 0.333 1.000 0.500
CHBO5 2.444 0.333 0.556 0.278 0.833 0.222 0.222
CHBO6 3.556 0.833 0.667 0.833 0.444 0.444 0.333
CHBO7 3.111 0.611 0.500 0.500 0.667 0.444 0.389
CHBO8 3.944 0.500 0.444 0.722 0.333 0.944 1.000
CHBO9 1.222 0.056 0.000 0.000 0.944 0.111 0.111

CHB10 2.889 0.611 0.389 0.389 0.722 0.389 0.389
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Iuuvas AMANEALIANIE
yadaya  AnENYME

WIEHEN A A2 A3 A As As
CHB11 4.056 0.889 0.667 0.500 0.444 1.000 0.556
CHB12 4.889 0.833 0.833 0.833 0.833 0.778 0.778
CHB13 5.444 1.000 0.833 0.944 0.833 0.889 0.944
CHB14 3.278 0.667 0.889 0.444 0.111 0.889 0.278
CHB15 4.889 0.778 0.889 0.778 0.889 0.889 0.667
CHB16 3.500 0.833 0.389 0.833 0.778 0.444 0.222
CHB17 4.778 0.833 0.833 0.778 0.833 0.889 0.611
CHB18 4.889 0.778 0.833 0.611 0.778 1.000 0.889
CHB19 1.000 0.111 0.111 0.722 0.056 0.000 0.000
CHB20 2.111 0.889 0.444 0.222 0.167 0.333 0.056
CHB21 3.833 0.500 0.556 0.722 0.944 0.722 0.389
CHB22 3.444 0.556 0.333 0.556 0.444 1.000 0.556
CHB23 3.889 0.833 0.389 0.500 0.333 0.944 0.889
CHB24 2944 0.500 0.167 0.389 0.444 0.778 0.667

FIUIUVBIANADNISTUVDIAURUTUTINVBIFUUSLANSINANVIEAIUE DBV

Ty unduateNNYedy g v wiasyndeyafignidenilunmudnvasianis

anvedaIMAiuALauRRedWIUMNAY 3.454 Andnyslany Yadeya CHB13

a o o v o A a U A o
ll"ﬂ']ﬂ'gu@maﬂ‘@mgLQW']gwaﬂV]Qﬂﬂ@La@ﬂLQaﬁJg\‘i?j@ UuAd 5.444 ﬂmaﬂ@mglﬁwqg Iu

Yourynvaya CHB19 HdnunanvzanzranignAndenaieign tufe

1.000 AENYULIANIETMUEANLINTNEIAUAN YUIRNEMANLNEILARFIEITIQN
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Awdsgeatun1sgnAndondunndnyasanendnvedyyIuniuaNeIveT

ANABNN3TINYBIANULUTUTINVRdUUSEAND IV EnT B d U DE B B UAR LA DS

dmiuusiazyateyagNileunIsiivul Aaen3TavesnNuLUTUTINYRIdIUSY
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NWLANTOIEIULDEVOIFYQUATUANDS Ay Ay A3 Ay As UaE Ag figns1lun1sgnAn
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auesniign Jsgndmdenluyateya CHBO2 CHBO4 CHB11 CHB14 CHB15 CHB17
CHB18 CHB22 CHB23 uay CHB24 Anaeni3fiuvesnuulsunuvesduussavinm
1an As Fuiusiutisaunud 4-8 1Bsnduesdyananduates Turaefiaasn3fy
293U sUT VeI SE AV NG A, vesdiugosvasdynnnduatesdeduiug
futhauaunnud 32-64 BsndvesdryaunauanondunudnvaziamsignAnden
\Duandnuaziannzndnvesdyynunauaussiosdian
AfaenAasEUnNIY

Fuuedsvesideniidaunniu Y3 Y14 Y(1.5) Vo4 %0 ¥o.s5) VOEIU
dosvedynanduasnynTesdyyavesisazyndoyaigndndendy
Audnuazlanzvdn uavAadsveInsgnAnideniiunadnuazianzndnvosis
oNAASAUNYIY 71 3) Y(1.4) Y(1.5) Y2.4) “O% 7(2.5) yasdugosvesdngunduatadly
yndesdyyravesusasyndoyauansoglung 3.2 lnsaadsgsaalunisgninidon
\Hunudnvazianevdnesdaaunauaowssimenidsanmiuvesdiugos

Yoy uniualIdmSuLiar YR veA Nl UM BRI

M504 3.2 HAaN1SARLaNAMENwzIaNEnaNYeIR e AMasEUnnINvedaya o
AAUANDILUUT TR alagldimAugydsLuaInIsiasaeuly
Adlengutimng

MUY AMENYULIANE

yadoya AMANwME

WWIEVEN Y1.3) 7.4 7.5 Y24 72.5) 73.5)
CHBO1 4.556 1.000 0.778 0.778 0.722 0.667 0.611
CHBO2 3.556 0.889 0.556 0.667 0.556 0.500 0.389
CHBO3 4.778 0.889 0.833 0.722 0.667 0.833 0.833
CHBO4 4.944 1.000 0.889 0.722 0.722 0.833 0.778
CHBO5 4.722 0.889 0.722 0.611 0.944 0.611 0.944
CHBO6 3.444 0.889 0.444 0.611 0.500 0.667 0.333
CHBO7 4.500 1.000 0.889 0.778 0.722 0.611 0.500
CHBO8 4.389 0.778 0.556 0.722 0.667 0.889 0.778
CHBO9 4.667 0.889 0.944 0.611 0.833 0.778 0.611
CHB10 4.667 0.944 0.722 0.444 0.833 0.889 0.833
CHB11 4.333 0.778 0.722 0.722 0.444 0.889 0.778

CHB12 3.667 0.611 0.500 0.778 0.611 0.500 0.667
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FIUIUVDY qmé’nwmsqus

yadoya AmANBME

LAWIZHEN Ya.3) Y14 7.5 Y24 Y2.5) 73.5)
CHB13 4.111 0.556 0.778 0.611 0.667 0.722 0.778
CHB14 3.389 0.722 0.444 0.556 0.389 0.778 0.500
CHB15 4.389 0.667 0.722 0.556 0.833 0.778 0.833
CHB16 2.833 0.556 0.556 0.444 0.278 0.278 0.722
CHB17 4.500 0.889 0.889 0.722 0.778 0.778 0.444
CHB18 4.889 0.833 0.889 0.722 0.778 0.889 0.778
CHB19 3.889 0.556 0.500 0.500 0.556 0.889 0.889
CHB20 3.444 0.944 0.556 0.556 0.444 0.556 0.389
CHB21 3.611 0.556 0.722 0.722 0.611 0.722 0.278
CHB22 4.389 0.889 0.778 0.722 0.500 0.778 0.722
CHB23 4.167 1.000 0.833 0.444 0.389 0.778 0.722
CHB24 5.167 1.000 0.778 0.833 0.778 0.944 0.833

'
1Y A

UUVIAFIINMAIEUNNTUYRIEI UL UVB T QY IUARUANDIINY AT

A

o =

Ty uvewsazyadeyangnidenduanudnvasamzndnvesdyyiuniuateuads

[ [y

91U 4.208 AadnwMzanIe YAveua CHB24 I 1UIUAMSNYMELANIES

q

D.

U A ¥

fignmideniadugaan tufe 5.167 audnuaiziamz Tuvaiziivadeya CHB16
Fuunndnuuziawzndndigndadeniodediian Tufio 2.833 audnvaziany
Adhenfdanniuresdiugosresdyaunauaues Y13 Honailunsgndn
LﬁaﬂLﬂu@mé’ﬂwm:ﬁLawwwé’ﬂﬁumé’@mflmﬂ?iuauaﬂmﬂ%ﬁfmmqm?mLL‘uuaums
Adsaeadumilsddutimnegsiign Tnogndmdenifunadnvazianzndnunnian
Tuduau 12 yadoya tufe yateya CHBO1 CHBOZ2 CHBO3 CHBO4 CHBO6 CHBO?
CHB10 CHB17 CHB20 CHB22 CHB23 gy CHB24
AT indildunannisiemeiguuuuidanan
uansfndenaudnuzangdnvesiid Tafilduainnisiieseisuiuuibs

wanvesdugesvesdyanmduauadlagldrm gy dowuvaunsindsaonduen

¥
v A

Handudmuneuanseglunisg 3.3 uay 3.4 lngdunuadevesddainiilaunanns

AT FULUUTIIAYRIE IS EY DAY 1UAR UANDIANYNYRIT Y Y 10UV B AR
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D

] v A

ayavignAndendunndnvasanizndniasAadeveinisgnAndendunuanuas

Y
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wgndndaudsmudaanndnudsenaudes tue {x} {x) {x) {x) {xs)
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way {x¢} wanseglumang 3.3 uazAnadsvesnsgnAnifenilundnunzianendn
P uMTInveIMTInTerisULuudaIauanteglunisn 3.4 lngrnadeasaniu

msgnAndenilunndnvusiamzndndmsuwnazgadoyagnideumefinu

139 33 mamsdndenandnuzamzdnvesaiad inldinannsiesesisy
wuuBuiavesdugesvesdyyunduaueusYesdyaalasTuity
dygraudiulsesnouday
UV AeyeyneuduUssnaugey

yadoya AMANwME

LWIZUAN {x} {x2} {x:} {2} {xs} {6}

CHBO1 8.889 0.111 0.116 0.083 0.153 0.153 0.125
CHBO2 7.000 0.079 0.144 0.060 0.093 0.102 0.106
CHBO3 10.500 0.120 0.162 0.134 0.111 0.153 0.194
CHBO4 6.611 0.093 0.167 0.093 0.056 0.065 0.079
CHBO5 8.278 0.139 0.116 0.162 0.088 0.088 0.097
CHBO6 8.444 0.079 0.097 0.116 0.153 0.120 0.139
CHBO7 5.944 0.097 0.060 0.097 0.088 0.093 0.060
CHBO8 9.056 0.102 0.153 0.134 0.125 0.120 0.120
CHBO9 5.056 0.056 0.088 0.111 0.074 0.065 0.028
CHB10 7.111 0.056 0.111 0.139 0.083 0.106 0.097
CHB11 9.778 0.139 0.194 0.125 0.111 0.134 0.111
CHB12 14.500 0.153 0.139 0.185 0.227 0.264 0.241
CHB13 13.833 0.213 0.088 0.157 0.148 0.222 0.324
CHB14 6.167 0.106 0.106 0.074 0.069 0.079 0.079
CHB15 15.056 0.144 0.194 0.148 0.199 0.296 0.273
CHB16 6.500 0.079 0.093 0.106 0.106 0.088 0.069
CHB17 7.056 0.083 0.102 0.111 0.120 0.051 0.120
CHB18 11.611 0.236 0.148 0.125 0.106 0.167 0.185
CHB19 7.667 0.134 0.097 0.171 0.097 0.065 0.074
CHB20 5.278 0.060 0.065 0.051 0.069 0.083 0.111
CHB21 6.389 0.093 0.130 0.116 0.065 0.069 0.060
CHB22 6.500 0.111 0.134 0.074 0.088 0.042 0.093

CHB23 6.167 0.111 0.074 0.060 0.079 0.074 0.116
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{6}

CHB24

M98 3.4

8.222

0.097

0.171

0.116

0.069

0.111

0.120
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A %mmaamﬁmiwﬁgmwuLs?mnm

avg

1%
[y

A

rms

A

var

D

avg

D

rms

D

var

CHBO3

CHBO4

CHBO5

CHBO6

CHBO7

CHBO8

CHBO9

CHB10

CHB11

CHB12

CHB13

CHB14

CHB15

CHB16

CHB17

CHB18

CHB19

CHB20

CHB21

CHB22

CHB23

0.120

0.204

0.213

0.083

0.120

0.231

0.204

0.148

0.083

0.065

0.213

0.287

0.222

0.093

0.194

0.157

0.046

0.250

0.167

0.130

0.093

0.056

0.148

0.296

0.139

0.139

0.093

0.185

0.167

0.037

0.102

0.167

0.167

0.231

0.148

0.139

0.074

0.185

0.083

0.093

0.157

0.185

0.102

0.120

0.139

0.120

0.074

0.093

0.083

0.056

0.046

0.139

0.056

0.065

0.083

0.074

0.083

0.083

0.056

0.056

0.102

0.111

0.046

0.056

0.037

0.065

0.065

0.065

0.111

0.157

0.120

0.139

0.019

0.167

0.102

0.065

0.204

0.056

0.074

0.222

0.361

0.167

0.028

0.231

0.083

0.019

0.139

0.065

0.102

0.009

0.037

0.065

0.074

0.083

0.083

0.065

0.083

0.093

0.028

0.111

0.056

0.037

0.148

0.139

0.083

0.046

0.157

0.056

0.009

0.093

0.120

0.019

0.019

0.074

0.037

0.019

0.065

0.019

0.019

0.000

0.074

0.056

0.065

0.056

0.065

0.028

0.009

0.028

0.037

0.056

0.083

0.028

0.028

0.009

0.019

0.056

0.019

0.056

0.000

0.000

0.000

0.009

0.000

0.000

0.000

0.000

0.009

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.019

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.074

0.037

0.065

0.000

0.019

0.056

0.037

0.009

0.111

0.102

0.019

0.000

0.074

0.009

0.037

0.037

0.028

0.037

0.111

0.056

0.009

0.019

0.019

0.481

0.315

0.694

0.583

0.546

0.417

0.407

0.463

0.185

0.481

0.500

0.741

0.787

0.565

0.815

0.389

0.676

0.713

0.444

0.287

0.546

0.593

0.380

0.065

0.065

0.250

0.176

0.185

0.093

0.093

0.315

0.019

0.120

0.176

0.620

0.667

0.102

0.685

0.056

0.231

0.407

0.111

0.019

0.139

0.065

0.065

0.120

0.046

0.065

0.000

0.028

0.037

0.009

0.028

0.019

0.000

0.009

0.028

0.083

0.019

0.046

0.028

0.000

0.056

0.028

0.065

0.009

0.019

0.028
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40
! A A

Y avg rms A D D
U8

var avg rms

D var 1 avg ] rms var max min N, A

CHB24 0.130 0.204 0.056 0.102 0.102 0.065 0.000 0.000 0.009 0.454 0.241 0.009
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HANNSARLERNANANWULIANIENINTBIAIRBNTNYRIANULUTUTIUYDS

duuseansamidauuunndesdygalagldrmnnuagydouuvaunismgs

apuduailanduitvae

MUY MUV AMANEAZIANIE
yadoya Yo AmudAnwu
AU LAWIZHEN A A2 & & As A

CHBO1 3 3 1 0 0 1 0 2
CHBO2 2 2 0 1 0 0 1 0
CHBO3 3 2 1 0 0 0 2 0
CHBO4 2 2 0 0 1 0 1 0
CHBO5 2 2 1 0 0 1 0 0
CHBO6 3 3 1 1 0 0 1 0
CHBO7 2 2 0 0 1 0 1 0
CHBO8 3 3 0 0 1 0 1 1
CHBO9 1 1 0 0 0 1 0 0
CHB1O 2 2 0 0 0 1 1 0
CHB11 3 3 1 0 0 0 1 1
CHB12 15 6 16 18 18 6 12 18
CHB13 6 3 3 1 0 0 0 3
CHB14 3 2 2 0 0 0 1 0
CHB15 16 6 17 16 9 16 12 18
CHB16 3 4 1 0 1 1 1 0
CHB17 3 3 0 1 0 1 1 0
CHB18 2 3 0 1 0 0 1 1
CHB19 1 1 0 0 1 0 0 0
CHB20 2 2 1 0 1 0 0 0
CHB21 3 3 0 1 2 0 1 0
CHB22 2 1 0 0 0 0 2 0
CHB23 3 2 0 0 0 0 1 2
CHB24 2 1 0 0 0 0 2 0
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#1319 3.6

M5 3.6 HaN1IARLGENANANYAIRNEnANYRIAIMmEN MG TILUUNNY
duaaldagldinnugadsuuuaunisimasaenduailaddutnng

UIUVBY WUV AMANBALIANIE
yadoya Yo Amudnwue
Sy awzvan (0 Tae Tas) Tes Tes 16

CHBO1 3 1 3 0 0 0 0 0
CHBO2 2 2 1 0 0 0 0 1
CHBO3 4 4 0 0 1 1 1 1
CHBO4 6 5 2 2 2 1 1 0
CHBO5 3 3 1 1 0 0 1 0
CHBO6 3 2 1 0 0 0 2 0
CHBO7 5 4 2 0 1 1 1 0
CHBO8 3 1 0 0 0 0 0 3
CHBO9 4 3 2 1 0 2 0 0
CHB1O 2 2 2 0 0 0 1 0
CHB11 3 3 0 0 1 0 1 1
CHB12 15 6 9 12 17 6 7 15

CHB13 6 6 1 1 2 1 2 1



29

FIUIUVDY ATUIUVDY AMENYULIANE
yadoya Yo AmuAnwuz

Sy wemdn (0D Yo Tas Tes Tes 16

CHB14 2 2 0 0 0 0 1 1
CHB15 16 6 14 16 11 16 8 14
CHB16 4 3 1 1 0 0 0 2
CHB17 4 2 2 2 0 0 0 0
CHB18 5 5 1 1 0 1 2 1
CHB19 6 4 4 1 0 0 1 1
CHB20 3 2 2 1 0 0 0 0
CHB21 3 2 0 2 0 1 0 0
CHB22 3 3 1 0 0 0 1 1
CHB23 4 2 1 0 0 0 0 3
CHB24 2 3 1 0 1 0 1 0
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YD WUV feysyraudluUsznaugey

Yadaya  Yo9  AMANWAE

S Soyye :quwgn o) ) ) {a) {xs) {x)
CHBO1 4 5 1 1 1 0 1 1
CHBO2 9 6 0 3 5 2 0 1
CHBO3 4 3 0 3 3 0 0 0
CHBO4 8 6 1 9 1 0 0 3
CHBO5 9 7 1 2 13 8 1 0
CHBO6 9 9 1 1 2 3 q 12
CHBO7 6 7 0 2 5 3 0 1
CHBO8 7 6 5 1 0 1 0 q
CHBO9 4 5 0 2 1 1 2 0
CHB1O 3 5 0 q 9 0 1 0
CHB11 5 q 2 7 0 0 0 0
CHB12 15 12 20 14 10 14 28 22
CHB13 18 12 34 30 22 30 29 5
CHB14 13 8 10 10 0 1 3 1
CHB15 9 10 2 5 2 0 7 7
CHB16 14 8 17 6 0 3 1 2
CHB17 6 8 2 1 2 1 0 2
CHB18 5 5 3 2 1 0 0 1
CHB19 11 6 0 6 il il 0 0
CHB20 5 3 0 0 0 0 3 2
CHB21 2 8 0 1 1 2 0 0
CHB22 3 2 0 3 0 0 0 0
CHB23 4 3 2 2 0 0 0 1
CHB24 8 8 3 7 2 q 1 0
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Yn
A, A
Jaya

CHBO1 1 2 0 0 1 1 0 0 0 0 0 0
CHBO2 2 2 5 1 0 1 0 0 0 0 0 0
CHBO3 3 0 1 1 0 0 0 1 0 0 0 0
CHBO4 3 3 1 3 1 3 0 0 0 0 0 0
CHBO5 1 4 8 0 2 10 0 0 0 0 0 0
CHBO6 5 5 3 3 2 2 0 0 1 1 0 1
CHBO7 3 1 2 2 1 2 0 0 0 0 0 0
CHBO8 5 3 1 0 1 0 0 0 1 0 0 0
CHBO9 0 1 3 1 0 1 0 0 0 0 0 0
CHB10 2 3 3 1 1 3 0 0 0 0 0 1
CHB11 4 3 1 1 0 0 0 0 0 0 0 0
CHB12 9 2 1 5 5 0 0 0 1 a4 41 0
CHB13 3 1 0 0 1 0 0 0 1 71 73 0
CHB14 3 1 0 1 0 0 0 0 0 9 11 0
CHB15 0 1 0 4 0 0 0 0 0 9 8 1
CHB16 1 1 1 0 0 1 0 0 1 12 12 0
CHB17 1 2 1 0 0 3 0 0 1 0 0 0
CHB18 2 3 0 0 0 0 0 0 0 0 0 2
CHB19 2 3 4 0 1 4 0 0 0 0 0 0
CHB20 1 0 0 0 1 1 0 0 0 1 0 1
CHB21 1 1 1 1 0 0 0 0 0 0 0 0
CHB22 1 1 1 0 0 0 0 0 0 0 0 0
CHB23 1 2 1 0 1 0 0 0 0 0 0 0

CHB24 6 1 3 2 1 4 0 0 0 0 0 0
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. AUYNABDY Aula ANUTUNE
YAVIYA AZMUY [ Se X S,
A, S, S,
CHBO1 99.833 51.893 99.981 65.726 51.883
CHBO2 99.968 83.429 99.991 87.688 83.421
CHBO3 99.808 40.831 99.985 55.946 40.825
CHBO4 99.953 31.316 100.000 47.600 31.316
CHBO5 99.897 77.265 99.989 85.799 77.257
CHBO6 99.949 24.540 100.000 39.409 24.540
CHBO7 99.947 64.329 99.995 76.588 64.326
CHBO8 99.276 53.355 99.873 65.428 53.287
CHBO9 99.975 81.429 99.997 88.372 81.427
CHB10 99.950 84.989 99.988 89.535 84.979
CHB11 99.939 92.954 99.984 95.130 92.939
CHB12 98.985 49.901 99.873 63.610 49.838
CHB13 99.628 19.196 100.000 32.209 19.196
CHB14 99.900 49.718 99.995 65.185 49.716
CHB15 99.376 71.670 99.768 76.236 71.504
CHB16 99.899 27.660 99.999 42.975 27.660
CHB17 99.759 43.243 99.988 59.122 43.238
CHB18 99.842 44.444 99.986 59.319 44.438
CHB19 99.865 42.194 99.993 57971 42.191
CHB20 99.754 19.205 100.000 32.222 19.205
CHB21 99.877 34.483 99.990 49.123 34.480
CHB22 99.941 72.464 99.992 81.967 72.458
CHB23 99.788 58.469 99.975 71.287 58.454
CHB24 99.573 53.131 99.895 63.134 53.075

v [

Usgavsamlunsduunnnnesvesnudnvuziansdnvesdyaaniuaiosd
wansaglumsns 3.9 WusansdwunnnzdniafigalaesnadaanAnaguseninedn
AanuliazAANT LY mLa?istuaqmmmgﬂéfaq A, mauly S, A1ANT I
S, Aziuu Fy wasAwauszrindnubivagiiniudimng SS vesnsduun

VNMBIVDIAMANYIRNNE AN VB IMARUANBIEMSUNS 24 YavayawiriuTey
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g 99.778 53.005 99.968 64.649 uay 52.985 MUNGU ANALWUL F; LavAHaRN

serinmanubuasAinuTnie SS NaNgafesesay 95.130 wag 92.939 A

'
[y =

WU FounareINITIMUNNNMDTVRIRMAN BuzlzUdNvedy g A uataly

¥

a
yadoya CHB11 lnelidadvvasinanugnies A, Aawl S, wagAiaudung S,

[y

wiriiuSewaz 99.939 92.954 uax 99.984 AINAIRY
ARENAIaEUNATY

Arugniaes A, Aauila S, Apnudwe S, Aazuuu F) LavAnangmn
51319A1AU LA AIANNTINNE SS YDINITTIUNLINADTVBIANAN BAUZIANE
vdnvesdynAavALeL U BtesdgaioldienidranaSuvesdiugdosves

Aaa L

wiavYesdyauvasdyg nduaamangauanteglunsne 3.10

A1519 3.10 UszANSAnluNISIUNINADIVRIANYNANSIAUNASUVDIAI UL DEUDY

A UARUANDILUUTIETD I QYU

. A2UYNABDY Aula ANUTUNE
YAVDYA ATWUY F| Se XS,
A, S, S,
CHBO1 99.734 13.808 99.999 24.219 13.808
CHBO2 99.953 68.000 99.997 79.866 67.998
CHBO3 99.708 2.201 100.000 4.306 2.201
CHBO4 99.937 6.596 100.000 12.376 6.596
CHBO5 99.835 61.989 99.988 75.135 61.982
CHBO6 99.941 13.497 100.000 23.784 13.497
CHBO7 99.872 5.793 100.000 10.951 5.793
CHBO8 98.935 16.991 100.000 29.047 16.991
CHBO9 99.915 26.523 99.999 41.690 26.523
CHB10 99.833 36.726 99.992 52.532 36.723
CHB11 99.608 39.308 100.000 56.433 39.308
CHB12 98.315 7.591 99.956 13.797 7.587
CHB13 99.544 1.097 100.000 2.170 1.097
CHB14 99.888 45.198 99.991 60.377 45.194
CHB15 98.936 30.865 99.901 44.773 30.834
CHB16 99.880 12.766 100.000 22.642 12.766
CHB17 99.653 15.541 99.993 26.513 15.540

CHB18 99.802 24.324 99.998 38.942 24.324
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. AUYNABDY Aula ANUTUNE
YAVIYA AZMUY [ Se X S,
A, S, S,
CHB19 99.795 7.531 100.000 14.008 7.531
CHB20 99.707 3.642 100.000 7.029 3.642
CHB21 99.831 1.478 100.000 2913 1.478
CHB22 99.856 22.222 100.000 36.364 22.222
CHB23 99.673 33.875 99.971 48.264 33.865
CHB24 99.558 36.622 99.993 53.241 36.619

AdevesAInIgNdes A, Amula S, menudung S, AAzLUY Fy uag
AragusEnInaIALhkazAIANT NI SS YBImITuAnNnsYBIANAN YL
mzndnvesdyunduaesdmiu 24 YatoyaiiuTevay 99.655 22.258
99.991 32.557 Uaw 22.555 MUAIAU ANATLUY F) kasAINannssnieaInulbiley
Aeus g SS ARfigareiesas 79.866 wag 67.998 Audwu Sadunavesns
Fuunnnnevesnudnvzianzndnve iy unduauesluyateya CHBO2 lnedl
AadevesAInNIgndes A, AAula S, warAiud g S, wirfu3eeay 99.953
68.000 Wag 99.997 MUY
AT infildunannisiiemeiguuuuidana

Arnugndos A, el S, Aemdumg S, Aazuul F; wasAman
senInAIAUllarAIANT NI SS Y0IN1TTIMUNINIDTVBIAMENYALIANE
ﬁé’ﬂmaaé’m@,mﬂﬁ'uamqLL‘U‘U':?Waﬁaaé’@zymLﬁ@iﬁﬁméfﬁi’ﬂﬁlﬁmmﬂmﬁmeﬁgﬂ

o o P

NN e T N e DR R It X ok DY AT TR T NG AT TR IV N N [ I R R

#1319 3.11

M58 3.11 UseAnSamlunisdnuuninmeivesamdiniilaunannsinseisy

WUULTIANUDIAI UL DU UDIA Y I UAAUANDILUUT 8T DI Y104

. A2NYNABDY Ao AUTINE
YAVDYA ATKUU F) S, X S,
A, S, S,
CHBO1 99.870 57.684 100.000 73.164 57.684
CHBO2 99.975 81.714 100.000 89.937 81.714
CHBO3 99.907 68.949 100.000 81.621 68.949
CHBO4 99.939 12.073 99.999 21.296 12.073
CHBO5 99.934 83.659 100.000 91.103 83.659

CHBO6 99.938 8.589 100.000 15.819 8.589
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. AUYNABDY Aula ANUTUNE
YAVIYA AZMUY [ Se X S,
A, S, S,

CHBO7 99.939 55.793 100.000 71.484 55.793
CHBO8 99.235 40.368 100.000 57.517 40.368
CHBO9 99.983 85.357 100.000 92.100 85.357
CHB10 99.975 90.728 99.998 94.810 90.726
CHB11 99.975 96.168 100.000 98.047 96.168
CHB12 98.926 40.132 99.989 57.036 40.128
CHB13 99.563 5.119 100.000 9.739 5.119

CHB14 99.851 22.034 99.999 35.945 22.034
CHB15 99.463 66.899 99.925 77.691 66.849
CHB16 99.884 15.957 100.000 27.523 15.957
CHB17 99.709 28.041 99.999 43.684 28.041
CHB18 99.890 57.658 100.000 73.143 57.658
CHB19 99.953 78.661 100.000 88.056 78.661
CHB20 99.825 42.384 100.000 59.535 42.384
CHB21 99.835 3.941 100.000 7.583 3.941

CHB22 99.972 85.507 99.999 91.948 85.506
CHB23 99.903 78.654 99.999 87.938 78.653
CHB24 99.781 68.121 100.000 81.038 68.121

ﬁWLaﬁaﬂaqﬁﬁﬂawugﬂﬁaa A, a8, Arpmdumng S, Aazuul F uag
AnaRusEINmAUlarA1ANd e SS Y8IN1TTIRUNNINMDTUBIAMEN YL
La‘wwwé’ﬂsuaqé’ﬁymmﬂﬁ'uamaqﬁm%’uﬂ% 24 Yatoyawiniusesay 99.801 53.091
99.996 63.657 Wag 53.089 MUANU AIAzWUY F| WavAmanmseninedndliuag
Aeudng SS iAfigafesosay 98.047 wag 96.168 amady Judunavesns

PuunNneiveInudnvuzanenanvesdyaunauatetluyadeya CHB11

3.2.2  NMsAUUNANENEUTIRNIENENYasE U B VR IdY N IAIARUANDILUUNNYDY

gy
NAYBINTIUUNINADSVDIRUEN WAL IYNE VAN YR Id Y AR ALALB IUULYN
Yosdyanildinanandnuazianigia 3 ndu thifle AaenifiuvesnnunlsUsiy
vosdusEAvBInEn Adhonfdianai wasiat Tafilduainnisinsigiisy

WUULGAIaT dnsuwsiavyndeyaiinaidaluil



Aaan13finvesaaulsUTIuvesduUssansianiin

AAugnaes A, Aauil S, Apnuduwe S, Aazuuu F) uagAnanm
seninANUlarAIANTINIE SS U0INTTUNINADTVBIANAN BUZIAN L
‘Vié“ﬂsuaaé’zyiymﬂﬁuamaﬂunﬂﬁdaqﬁﬁymmﬁa"lﬁij’maaﬂﬁﬁmaqmmLLUiUs’mm

'3
[y

duuszansnidnuanioglunisng 3.12

R34 3.12 Uszandsnnlun1sdiuniinaosvednIann s iuuesaullsusIuees

duuszansnidnvesdiudosvasdynunauansaluuyntosdeyy ol
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Y AUQNHDY Al AUIUNIE
YAUYA AZHUY F Se XS,
A, S, S,

CHBO1 99.781 30.067 99.996 45.763 30.066
CHBO2 99.913 38.857 99.997 55.061 38.856
CHBO3 99.830 44.389 99.993 60.544 44.386
CHBO4 99.934 1.862 100.000 3.655 1.862

CHBO5 99.911 84.902 99.971 88.437 84.877
CHBO6 99.945 23.926 99.997 37.321 23.925
CHBO7 99.880 13.720 99.998 23.747 13.720
CHBO8 99.443 63.095 99.916 74.410 63.042
CHBO9 99.911 22.383 99.999 36.257 22.383
CHB10 99.966 90.337 99.990 92.948 90.328
CHB11 99.935 92.213 99.985 94.790 92.199
CHB12 99.512 73.597 99.981 84.278 73.583
CHB13 99.707 42.230 99.973 57.037 42.219
CHB14 99.875 35.028 99.998 51.452 35.027
CHB15 99.540 77.435 99.853 82.478 77.321
CHB16 99.887 18.085 100.000 30.631 18.085
CHB17 99.680 20.946 99.999 34.540 20.946
CHB18 99.827 39.640 99.984 54.321 39.634
CHB19 99.824 18.803 100.000 31.655 18.803
CHB20 99.700 1.325 100.000 2.614 1.325

CHB21 99.860 22.660 99.993 35.798 22.658
CHB22 99.949 75.845 99.994 84.636 75.840

CHB23 99.728 44.548 99.978 59.627 44.538
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. AUYNABDY Aula ANUTUNE
YAVIYA AZMUY [ Se X S,
A, S, S,
CHB24 99.567 37.951 99.993 54.645 37.948

mLaﬁmaqmmeﬂﬁm A, Aenalla S, Aremdumg S, Anzuu F uag
AnanusEINmIAdlarA1ANd Y SS Y0IN1ITRUANINADTYBIAMEN YA
LaWﬂwé’ﬂsuaaﬁmmnmﬁuamaﬁm%ﬁq 24 Ypoyawiiuseuay 99.796 42.243
99.983 53.194 WAy 42.232 AMUAWIU A1AzWUY F| WavAmanusenineinndliuag
Apudumng SS fiRfgaresosas 94.790 wag 92.199 amady Judunavesns
Fuunnnnevesnudnvuzionzndnvesdyaunduauesluyateya CHB11 lngdl
mLaﬁmaqmmeﬂﬁm A, Aenalla S, uagAnnudume S, wihdudesay 99.935
92.213 uay 99.985 MUAWY
ArfEninasaUnnIy

Arnugndes A, Aauila S, Apnudwe S, Arazuuu F) LavAnangn
551319A1AL LA AIANNTINNE SS YDINITTIUNLINADTVBIANAN BUZIANE
wé’ﬂsuaﬁzgiyﬂmﬂ?{uauaﬂwqﬂszimé’fgfgmﬁai%’mEJﬂfi"}é’muﬂm%’:JLLamagﬂumsN

3.13

A1519 3.13 UsEANSAnluNISIUNINIADIURIANYNANSIALUNASUYDIEI UL DEUDY

ToyoyrounAuaLDLUUYNYoad sy 10

. A21UYNABDY Aula ANUTUNE
YAVDYA A s, s, AzLUUY [ Se XS,
CHBO1 99.725 10.913 99.999 19.639 10.913
CHBO2 99.910 38.286 99.995 54.032 38.284
CHBO3 99.790 28.678 99.999 44.487 28.678
CHBO4 99.945 18.617 100.000 31.390 18.617
CHBO5 99.855 68.739 99.981 79.222 68.726
CHBO6 99.949 30.675 99.996 45.045 30.674
CHBO7 99.882 13.110 100.000 23.181 13.110
CHBO8 98.892 13.636 100.000 24.000 13.636
CHBO9 99.920 29.964 100.000 45.983 29.964
CHB10 99.867 49.438 99.992 64.801 49.434
CHB11 99.652 50.927 99.969 65.397 50.911

CHB12 99.849 91.485 100.000 95.553 91.485
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. AUYNABDY Aula ANUTUNE
YAVIYA AZMUY [ Se X S,
A, S, S,

CHB13 99.623 18.282 99.999 30.864 18.282
CHB14 99.859 32.203 99.987 46.341 32.199
CHB15 99.820 88.569 99.980 93.225 88.551
CHB16 99.871 6.383 100.000 12.000 6.383

CHB17 99.773 45.270 99.993 61.609 45.267
CHB18 99.835 36.937 99.998 53.712 36.936
CHB19 99.827 20.940 99.999 34.507 20.940
CHB20 99.731 11.589 100.000 20.772 11.589
CHB21 99.863 20.690 99.999 34.146 20.690
CHB22 99.840 13.527 100.000 23.830 13.527
CHB23 99.620 17.401 99.993 29.240 17.400
CHB24 99.607 44592 99.988 60.960 44.587

Aadsvasrnmugnies A, marall S, Aeusimng S, Anazul F) uag
AnanuIEImAlarA1ANd Y SS Y8IN1TTIRUNNINMDTUBIAMEN YA
awzndnvesdnygnunduanosdmiuii 24 gadeyainfuiesay 99.771 33.369
99.994 45.581 Wag 33.366 MMUANU AIAzWUY F| WavAmanmsenineandliuag
Amnudng SS Arfigaresevas 95.553 uay 91.485 muddy Fadunavesns
Fuunnnevesnudn vz ndnvesiyaunduauesluyateya CHB12 Tnedl
AadsvasmNgndies A, Aauila S, wazArmudmg S, wirfu3eeay 99.849
91.485 WAy 100.000 AINAIWIU
AT infildunannisieeiguuuuidanan

AnAugnaes A, Al S, Apnudwe S, Aazuuu F) uagAnanm

seinAtAullarA1ANd g SS Y99N1ITIUUANINIDTYRIAMENYAIANE

¥
v A

wanvasdyaunfuanedlunvesdyaaieldrmfyinilauainnsiasesisy

WUudananuansaglunnsng 3.14

1579 3.14 UssAnSamlunisduuninmesvesaimyinilaunainnsin ey

WUULTINAYD9EIUE DUV RIF T AR UAN DI UUNNYDIF T YoM

. A1UQNADY Al AUTUNZ
v
YAvaYA ATU F Se X S,
A, S, Sp

CHBO1 99.791 34.298 99.993 50.245 34.296
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. AUYNABDY Aula ANUTUNE
YAVIYA AZMUY [ Se X S,
A, S, S,

CHBO2 99.998 98.286 100.000 99.135 98.286
CHBO3 99.869 58.750 99.990 72.419 58.744
CHBO4 99.981 72.800 100.000 84.129 72.800
CHBO5 99.995 98.757 100.000 99.374 98.757
CHBO6 99.961 42.331 100.000 59.483 42.331
CHBO7 99.979 84.756 100.000 91.749 84.756
CHBO8 99.644 72.619 99.996 83.980 72.616
CHBO9 99.988 89.170 100.000 94.275 89.170
CHB10 99.989 95.740 100.000 97.824 95.740
CHB11 99.978 96.539 100.000 98.239 96.539
CHB12 94.872 70.320 98.539 77.192 69.293
CHB13 97.288 85.813 100.000 92.679 85.813
CHB14 99.938 67.232 100.000 80.405 67.232
CHB15 99.660 75.944 99.996 86.182 75.941
CHB16 99.983 99.105 100.000 99.559 99.105
CHB17 99.703 28.716 99.990 43.814 28.713
CHB18 99.825 37.838 99.987 52.941 37.833
CHB19 99.985 93.191 100.000 96.476 93.191
CHB20 99.723 7.718 100.000 14.330 7.718

CHB21 99.999 99.507 100.000 99.753 99.507
CHB22 99.957 78.744 99.996 87.166 78.741
CHB23 99.824 63.805 99.987 76.602 63.797
CHB24 99.816 73.245 100.000 84.556 73.245

ﬁﬂLaﬁﬁmaﬂﬁﬂﬂawugﬂﬁaq A, Aenalla S, Arenmdumg S, Aezuu F uas
AnanusEINmAularA1ANd g SS Y0IN13TIRUNNINADTURIAMEN YA
La‘mwé’ﬂmaqﬁﬁgmﬂmﬂﬁuamaqﬁm%’uﬂ% 24 YptoyawiiuTeuay 99.573 71.884
99.936 80.104 Uay 71.840 AEIAU ANAZUUL F wazAmanmseninamaulag
Aeudng SS iAfgaresosas 99.753 wag 99.507 amadu Judunavesns

IuuNnNWeTURIAMENYIRNENaNYesdyaunduaNesluyataya CHB21 lnedl
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Aadsvesiinugnies A, Al S, wazAimudung S, wiriuieuaz 99.999
99.507 uag 100.00 AUAISU

3.2.3  UszAnSamnisdauunartztnuuulivuetiunaegng

33

NAYBINTIUUNINLABTVDIAUA N IZIEWIEMAN Y ST a1 AAALANBILUUYN
sﬁaqé’@@m‘lmhjuﬁamﬁagaLﬁ'aﬁﬂ'ﬁaaﬂﬁﬁmaammLLUiUiaumaaé’mUisﬁwénw
B Aeniidsanniu waranit faitldnanmsiensisuuuudaaagUlds
solull dmsunslideaeni3iiuvesmuulsunuresdulsyandinidnesdiugos
maﬁzy,mumﬂ?iuammLﬂu@mé’ﬂwmmaww mmgndes A, Aula S, Anudume S,
AzLUY F) wasnansenindinnubiasainud g SS dawindusesay 99.744
13.033 99.996 22.804 Uay 13.033 aua1du dwsunisldaseniasaunniuves
dudosvesdyganduaoniunndnvusiane ANugNEas A, Awl3 S, AW
UM S, Aziul F) uaznagusymidanshuagAnnudumg S dawiiuies

a¥ 99.760 11.438 99.999 20.524 uag 11.438 MU waz dmsunsldadse

a

ié’mmﬂmﬁmswﬁgmww‘?ﬁL’Jawaqa";ueiaamaaﬁm@ﬂmﬂﬁuauaaLﬁuﬂmé’ﬂwmz
Wy Mugnaes A, Al S, mmdunng S, Aziun F) uasnagussnineiam
TuwazAimudunie SS danvinduiovas 99.752 7.230 99.999 13.478 way 7.230
ANAINY

o

UszanSnnlun1snsaaaun1aeen

A

AMANBAEIANIENENYDIFYYIUATUALDY FeUTeNaume ANDNISTINYBIAIY

o
[%
Y [ Y [

wsUsuwesdulsEAvinidn aenfdadnady uasaidiaidunadnuas
lnzvesdyyanauaieaiiliinanmslinngsisluuuidmaignihlulssgndldly
nsmseduanizdn Ussavsnmlunsnsadunnedadeiansanain lasussansam
lunsnsdunnedniansanainaugnaadunsnsaduaedn (accuracy) 80
AMSMTIATULIAA (false detection rate) waziaLesv8IN15M5I93UN1IEAN (latency)
wU90enTUN13MTI9TUN T TNRUUTIBYDIF Y IMAZNNTNTIITUAMIETNUULNTBT

GRTRTRNY

3.3.1  N15ATIIUNYNUUUII8YDSYeYel

[ 1

HAN13MTINTUNTIETNRUUSI8YRsdailaldrudn vz s duraanI3 iy

v I
v Adu Al

299ANULUTUTIUVDIEUUTEANSIINAS AFennasaunemsy LazAddTanlauiain
NFIATINFULUUBLINTIUTENBUMETILIUATIETNITE TN INTIgNATIITU
o o A o [y & aaa [l

FIUIUNNEVOANNAA LLazfmmumw%ﬂmwwqmgﬂawagiumiw 3.15 3.16 way

3.17 ANUAAU
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A5 3.15 Han1InsTunzdnlagldaiaani3ninvesnunlsUTIuTesdNUTEans
NNIEAUBIEIU DEVB IR QY UAAUANDILUUT B USRI

IUIUNTIZYN FUIUNTIZYN

yadoya  wuaednate . y UIUNIZAND
G UEREET Awan
CHBO1 7 7 0 0
CHBO2 3 3 0 3
CHBO3 7 7 0 0
CHBO4 4 4 0 0
CHBO5 5 5 0 2
CHBO6 10 9 1 0
CHBO7 3 3 0 0
CHBO8 5 5 0 7
CHBO9 4 4 0 1
CHB10 7 7 0 7
CHB11 3 3 0 3
CHB12 40 22 18 0
CHB13 12 8 a4 0
CHB14 8 8 0 0
CHB15 20 15 5 0
CHB16 10 8 2 0
CHB17 3 3 0 0
CHB18 6 5 1 0
CHB19 3 3 0 0
CHB20 8 8 0 0
CHB21 a4 a4 0 2
CHB22 3 3 0 0
CHB23 7 7 0 0
CHB24 16 14 2 3

U 198 165 33 28
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AN 3.16 wan1IRTIRIuNMzdnlagldmenidsaUnasuresdugasvad
AAUANDILUUTIB VDI QY 8

IUIUNTIZYN FUIUNTIZYN

yadoya  wuaednate . y UIUNIZAND
G UEREET Awan
CHBO1 7 6 1 0
CHBO2 3 3 0 0
CHBO3 7 2 5 0
CHBO4 4 3 1 0
CHBO5 5 5 0 0
CHBO6 10 6 4 0
CHBO7 3 2 1 0
CHBO8 5 5 0 0
CHBO9 4 4 0 0
CHB10 7 7 0 0
CHB11 3 3 0 0
CHB12 40 13 27 0
CHB13 12 2 10 0
CHB14 8 6 2 0
CHB15 20 16 a4 0
CHB16 10 a4 6 0
CHB17 3 2 1 0
CHB18 6 5 1 0
CHB19 3 3 0 0
CHB20 8 2 6 0
CHB21 a4 1 3 0
CHB22 3 3 0 0
CHB23 7 7 0 2
CHB24 16 14 2 0

U 198 124 74 2



a4

M5 3.17 Han139 793U ednlagldAddiniilaunannnsiesenguluudaan
VOIAIUYDYVDIFY QY IUAAUANDILUUT BT A By Y 18U

IUIUNTIZYN FUIUNTIZYN

yadoya  wuaednate . y UIUNIZAND
G UEREET Awan
CHBO1 7 7 0 0
CHBO2 3 3 0 0
CHBO3 7 7 0 0
CHBO4 4 2 2 0
CHBO5 5 5 0 0
CHBO6 10 4 6 0
CHBO7 3 3 0 0
CHBO8 5 5 0 0
CHBO9 4 4 0 0
CHB10 7 7 0 0
CHB11 3 3 0 0
CHB12 40 24 16 0
CHB13 12 2 10 0
CHB14 8 5 3 0
CHB15 20 20 0 6
CHB16 10 5 5 0
CHB17 3 3 0 0
CHB18 6 5 1 0
CHB19 3 3 0 0
CHB20 8 8 0 0
CHB21 a4 2 2 0
CHB22 3 3 0 0
CHB23 7 7 0 0
CHB24 16 14 2 0
33U 198 151 ar 6

PUIBINNETNTEN1sanTU LR lngldAnaen 3 invesmuLUsUTINYES

v
v

[ a Q‘ < 1 o w [y} 1 o av v a s a
AUUSLANTINLAS A8NNIAIAUNASY LLazmmmmﬁmemﬂmmLﬂ'ﬁ’]gwgﬂLL‘UULm



a5

[ «

ANYDIAIUYDYVDIA Y Y IUAAUANDILUUTIHUVOIF Y1 UTTIUNAY 165 124 wag
151 pud1eiu Tnedidiuaunizdnilignasaduiunuwiniu 33 74 uag 47 waznnie
% & o [ o [ o w

FININYNATIAIUIIWIUWINAU 28 2 uag 6 AUEIU

PNNANINTITUNMIETNnelTF Y U IUARUALDILUUT DT Id QY 1B INER SO

1
g7} v}

=

Tum1919 3.15 32.16 waz 3.17 Andulssansanlunsnsiadunniedn FsUsenaume
ALYNABY FRTINITATIVTUWIA NI958UNTIBUAUTBINTIETN UarN13TEYNISAUAR

yoanrdndmivusarynveyaniasulilunse 3.18 3.19 uag 3.20 audERu

AN519 3.18 UszanSnnlun1snsiaduniedntaeltiA1aani3iuYe9mnuwUsUsIuYed
fuuszansnanvesdiugpsvesdyauaduaLpsUUS 18Rty

ANTINT WA IUNMIIEYNITENAY ka1 lunIsEYn1saugn

M ANMUYN  p9q9Tu 94012390 (Fui) Yp4n12dn (i)
vom e Lﬁ; ALady vi%a%‘ei ﬁqﬁﬁﬁqﬂ Aade cim,aﬁei ﬁ']ﬁﬁﬁqm
(A3Y/ RNV duysnd
CHBO1 100.000 0.000 11.29 11.29 4 -18.57 18.57 1
CHB0O2 100.000 0.085 2.33 2.33 0 -3.00 3.67 1
CHBO3 100.000 0.000 23.71 23.71 17 -20.14 20.14 10
CHBO4 100.000 0.000 23.25 23.25 9 -42.75 42.75 29
CHBO5 100.000 0.051 17.00 17.00 9 -3.40 3.40 0
CHBO6 90.000 0.000 2.11 2.11 1 -10.00 10.00 6
CHBO7 100.000 0.000 17.67 17.67 2 -34.67 34.67 10
CHB0O8 100.000 0.350 3.40 3.40 1 -34.20 34.20 9
CHBO9 100.000 0.015 5.25 5.25 2 -5.25 5.25 1
CHB10 100.000 0.140 2.43 2.43 0 -3.86 3.86 0
CHB11 100.000 0.086 -0.33 1.00 0 -8.67 8.67 2
CHB12 55.000 0.000 5.09 5.64 0 131.09 144.36 2
CHB13 66.667 0.000 3.75 19.00 5 -18.38 18.63 1
CHB14 100.000 0.000 3.63 3.63 3 -3.75 4.25 1
CHB15 75.000 0.000 16.72 16.94 0 -11.28 11.28 1
CHB16 80.000 0.000 -3.50 4.75 1 -3.75 575 3
CHB17 100.000 0.000 37.00 37.00 7 -26.67 27.33 1
CHB18 83.333  0.000 8.60 8.60 6 -13.20 13.20 2
CHB19 100.000 0.000 15.00 15.00 9 2.67 18.67 5
CHB20 100.000 0.000 7.38 7.38 2 -22.88 22.88 2

CHB21 100.000 0.061 4.75 4.75 3 -4.75 4.75 3
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3nsIMs  wadsmlunsssynsitudy  wasiaiatlunisszynisiugne

YA AU 7579V PIN122Tn (3ui) YaIn12LYn (3ui)

doya  #eq W19 L4 ANRRY ., daa L4 ANRRY ., aaa
. Aade _ Afindign  Aede AMATign
(A33/ duysad duysa
CHB22 100.000 0.000 24.67 24.67 2 -7.67 1.67 3
CHB23 100.000 0.000 11.71 11.71 4 -14.14 14.14 1
CHB24 87.500 0.141 7.36 1.36 2 74.64 87.93 4
33U 83.333  (0.028

A15749 3.19 UszanSanlunisnsiaduniizdnlneldmeniasaunmnsuvesdiugasuad

[

GRTATeIER

]
=

UALDILUUT 80T Yy

3n3IN15 WA lun1IIEYNIstuAY  KadatlunssEunIsEuga

M AN p5q9Tu Yp4n1239n (Fui) Yp9n12zdn (Fui)
vega e Lﬁ; Anadey Tma% ﬁqﬁﬁﬁqﬂ Anady Aadie ﬂ"]ﬁﬁ‘ﬁqw
(A3Y/ duysnd duyse
CHBO1 85.714  0.000 21.17 21.17 2 -23.33 23.33 12
CHB0O2 100.000 0.000 8.33 8.33 2 -24.33 24.33 5
CHBO3 28.571 0.000 2.00 2.00 2 -49.00 49.00 49
CHBO4 75.000 0.000 9.00 9.00 2 -87.67 87.67 84
CHBO5 100.000 0.000 31.40 31.40 3 -36.20 36.20 14
CHBO6 60.000 0.000 2.33 2.33 1 -10.50 10.50 7
CHBO7 66.667  0.000 36.50 36.50 26 -33.00 33.00 9
CHBO8 100.000 0.000 16.00 16.00 1 -93.80 93.80 12
CHBO9 100.000 0.000 10.75 10.75 5 -19.50 19.50 10
CHB10 100.000 0.000 271.57 21.57 18 -19.71 19.71 9
CHB11 100.000 0.000 20.00 -28.33 0 -28.33 28.33 14
CHB12 32.500 0.000 7.92 7.92 2 53.92 75.77 8
CHB13 16.667 0.000 23.50 -43.00 6 -43.00 43.00 28
CHB14 75.000 0.000 4.00 -4.71 3 -4.71 4.71 0
CHB15 80.000 0.000 11.38 12.13 0 -38.63 38.63 1
CHB16 40.000 0.000 3.25 -4.00 2 -4.00 4.00 3
CHB17 66.667 0.000 9.50 -60.00 2 -60.00 60.00 8
CHB18 83.333  0.000 15.00 -15.80 2 -15.80 15.80 2
CHB19 100.000 0.000 32.33 -44.00 13 -44.00 44.00 14
CHB20 25.000 0.000 28.67 -12.33 17 -12.33 12.33 3
CHB21 25.000 0.000 36.00 -13.00 36 -13.00 13.00 13
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3nsIMs  wadsmlunsssynsitudy  wasiaiatlunisszynisiugne

YA AU 7579V PIN122Tn (3ui) YaIn12LYn (3ui)
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(A33/ duysad duysa

CHB22 100.000 0.000 15.67 -13.00 6 -13.00 13.00 6

CHB23 100.000 0.075 11.00 -12.43 2 -12.43 12.43 2

CHB24 87.500 0.000 7.79 33.71 2 33.71 57.86 3

34 62.626 0.002
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CHBO1 100.000 0.000 8.14 8.14 3.00 -16.57 16.57 1.00
CHB0O2 100.000 0.000 5.67 5.67 1.00 -3.00 3.00 1.00
CHBO3 100.000 0.000 10.00 10.00 1.00 -7.43 7.43 1.00
CHBO4 50.000 0.000 50.50 50.50 32.00 -40.00 40.00 33.00
CHBO5 100.000 0.000 32.20 32.20 8.00 -3.00 3.00 1.00
CHBO6 40.000 0.000 11.50 11.50 8.00 -3.50 3.50 2.00
CHBO7 100.000 0.000 28.67 28.67 25.00 -25.67 25.67 2.00
CHBO8 100.000 0.000 26.40 26.40 9.00 -75.20 75.20 26.00
CHBO9 100.000 0.000 9.25 9.25 6.00 -13.00 13.00 2.00
CHB10 100.000 0.000 7.71 7.71 3.00 -12.14 12.14 0.00
CHB11 100.000 0.000 1.33 1.33 1.00 -8.33 8.33 1.00
CHB12 60.000 0.000 7.33 7.33 1.00 111.13 118.79 0.00
CHB13 16.667 0.000 13.00 13.00 6.00 -13.50 13.50 4.00
CHB14 62.500 0.000 6.00 6.00 3.00 -7.20 7.20 3.00
CHB15 100.000 0.150 1.00 7.60 0.00 -6.55 6.85 0.00
CHB16 50.000 0.000 1.60 1.60 1.00 -5.20 5.20 3.00
CHB17 100.000 0.000 29.67 29.67 27.00 -26.00 26.00 10.00
CHB18 83.333  0.000 8.80 8.80 6.00 -7.00 7.00 2.00
CHB19 100.000 0.000 36.00 36.00 24.00 -5.67 5.67 3.00
CHB20 100.000 0.000 18.63 18.63 2.00 -7.63 7.63 2.00
CHB21 50.000 0.000 50.00 50.00 45.00 -8.50 8.50 0.00
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CHB22 100.000 0.000 5.00 5.00 2.00 -2.33 2.33 2.00
CHB23 100.000 0.000 6.43 6.43 1.00 -1.86 2.43 0.00
CHB24 87500 0.000  6.50 6.50 2.00 4143 5057 0.00
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yadoya  wuamednate . y UIUNZAND
IGUEREET Awae
CHBO1 7 7 0 0
CHBO2 3 3 0 0
CHBO3 7 7 0 0
CHBO4 4 1 3 0
CHBO5 5 5 0 7
CHBO6 10 8 2 0
CHBO7 3 3 0 0
CHBO8 5 5 0 8
CHBO9 4 4 0 0
CHB10 7 7 0 3
CHB11 3 3 0 1
CHB12 40 26 14 1
CHB13 12 10 2 0
CHB14 8 8 0 0
CHB15 20 20 0 11
CHB16 10 7 3 1
CHB17 3 3 0 0
CHB18 6 5 1 2

CHB19 3 3 0 0
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CHB20 8 1 7 0
CHB21 4 4 0 0
CHB22 3 3 0 1
CHB23 7 7 0 1
CHB24 16 16 0 4
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CHBO3 7 7 0 0
CHBO4 4 4 0 0
CHBO5 5 5 0 0
CHBO6 10 7 3 0
CHBO7 3 3 0 0
CHBO8 5 5 0 0
CHBO9 4 4 0 0
CHB10 7 7 0 0
CHB11 3 3 0 0
CHB12 40 38 2 1
CHB13 12 11 1 0
CHB14 8 8 0 0
CHB15 20 20 0 0
CHB16 10 10 0 0
CHB17 3 3 0 0
CHB18 6 5 1 a
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N159579 WA lun1ssEynsitudy  Kadeatlumsssynsiuga

Y AN Juia WBIN1TN (AUN) V2IN1Tn (AuN)
veya nes ,(ﬂ%lv Ay Anadg AdinTign  Anade Anady AdinTian
LEIE) duysal ' duysal .,
CHBO1 100.000 0.000 10.57 10.57 3 -21.43 21.43 1
CHB0O2 100.000 0.000 16.67 16.67 1 -4.00 4.00 1
CHBO3 100.000 0.000 10.57 10.57 1 -1.00 1.86 0
CHBO4 25.000 0.000 30.00 30.00 30 -81.00 81.00 81
CHBO5 100.000 0.180 4.00 4.00 0 60.80 63.20 0
CHBO6 80.000 0.000 6.86 6.86 2 -3.86 3.86 1
CHBO7 100.000 0.000 16.67 16.67 1 -4.00 4.00 1
CHB0O8 100.000 0.400 6.60 6.60 a4 -15.00 15.00 3
CHBO9 100.000 0.000 8.75 8.75 6 -34.25 34.25 18
CHB10 100.000 0.060 1.71 1.71 0 -2.29 2.29 0
CHB11 100.000 0.029 0.00 1.33 0 -8.33 8.33 1
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Y AN Ui PIN122Tn (3ui) YaIn12LYn (3ui)
vesa nos ,(ﬂ%l\v Aaae Aiadie Afinnan  Anade Aadie Adinnan
Falu9) duysal ) duysal ,

CHB12 65.000 0.042 -3.19 9.81 1 122.96 125.81 0
CHB13 83.333  0.000 9.30 9.30 2 4.80 8.40 0
CHB14 100.000 0.000 7.83 7.83 3 -3.67 3.67 0
CHB15 100.000 0.275 4.30 4.80 0 22.00 37.70 0
CHB16 70.000 0.053 2.60 2.60 1 -5.40 5.40 4
CHB17 100.000 0.000 15.33 15.33 3 -42.67 42.67 27
CHB18 83.333 0.056 18.40 18.40 10 -6.20 7.00 2
CHB19 100.000 0.000 23.67 23.67 7 -19.67 19.67 16
CHB20 12.500 0.000 11.00 11.00 11 -23.00 23.00 23
CHB21 100.000 0.000 5.75 5.75 3 -7.00 7.00 2
CHB22 100.000 0.032 7.33 7.33 2 -1.67 1.67 1

CHB23 100.000 0.038 7.43 7.43 2 -5.29 5.29 1
CHB24 100.000 0.188 8.92 8.92 3 42.46 56.00 3

334 83.838  0.041
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¥ AU Juidia vaunzdn (3uni) yasnzdn (ud)
veym A .(ﬂ%l"/ duady  Aade Aiidiign  Aady c:w"ql,aﬁei AfiAign
L) quYI duysad
CHBO1 57.143  0.000 11.75 11.75 1 -30.50 31.00 1
CHBO2 66.667  0.000 11.00 11.00 6 -21.00 21.00 15
CHBO3 100.000 0.000 18.00 18.00 3 -13.71 13.71 1
CHBO4 100.000 0.000 9.75 9.75 6 -51.00 51.00 6
CHBO5 100.000 0.103 10.00 10.00 4 10.80 14.00 1
CHBO6 80.000  0.015 4.25 4.25 1 -5.75 5.75 0
CHBO7 100.000 0.000 48.00 48.00 24 -28.33 28.33 6
CHBO8 100.000 0.000 44.80 44.80 3 -41.60 41.60 2
CHBO9 100.000 0.000 10.25 10.25 5 -15.25 15.25 3
CHB10 100.000 0.020 13.43 13.43 0 -10.14 10.14 0
CHB11 66.667 0.115 4.00 4.00 2 -25.50 25.50 1



54

3573 Kadsaalunsssymsitudy  wad1aatlunisszynsiugn

¥ AN Juie Y2901328n (3ud) Y2901928n (i)
veye A .(ﬂ%l"/ ALady T"Qa% Aildiign  Aade cim,aé'ei AiiAign
Fala) duysnd duysad

CHB12 60.000 0.042 292 292 1 135.96 136.29 0
CHB13 58.333  0.000 8.29 8.29 2 -16.86 16.86 a4
CHB14 75.000 0.077 5.83 5.83 a4 -4.33 4.33 2
CHB15 100.000 0.025 2.85 2.95 0 2.05 8.95 0
CHB16 10.000 0.000 2.00 2.00 2 -6.00 6.00 6
CHB17 100.000 0.000 25.00 25.00 1 -13.33 13.33 8
CHB18 83.333  0.000 6.00 6.00 1 -11.20 11.20 5
CHB19 100.000 0.000 9.00 9.00 1 -13.33 13.33 5
CHB20 50.000 0.000 12.75 12.75 8 -12.00 12.00 2
CHB21 75.000 0.000 31.00 31.00 26 -6.33 6.33 2
CHB22 100.000 0.000 26.00 26.00 10 -20.67 20.67 11
CHB23 71.429  0.000 29.40 29.40 16 -6.80 6.80 0
CHB24 87.500 0.047 8.79 8.79 3 39.64 51.93 1
33U 75.253  0.015
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YA AN Juiia W29n1228n (Aui) YaIN12eyn (i)
%Ha o9 l(ﬂ%\‘l/ . Aade fnita ﬁqm s Aade fniia ﬁqm
LIt duysal duysal
CHBO1 85.714 0.025 11.67 11.67 3 -22.17 22.17 2
CHB0O2 100.000 0.000 1.33 1.33 1 0.33 1.00 1
CHBO3 100.000 0.000 11.43 11.43 7 3.00 7.86 1
CHBO4 100.000 0.000 15.25 15.25 8 -4.50 4.50 2
CHBO5 100.000 0.000 1.40 1.40 1 0.20 0.20 0
CHBO6 70.000  0.000 3.86 3.86 1 -2.29 2.86 0
CHBO7 100.000 0.000 4.67 4.67 2 -71.33 7.33 1
CHB0O8 100.000 0.000 3.00 3.00 1 -10.20 10.20 0
CHBO9 100.000 0.000 6.00 6.00 a4 -0.75 0.75 0
CHB10 100.000 0.000 1.00 1.00 1 -1.29 1.57 0
CHB11 100.000 0.000 1.67 1.67 1 -6.67 8.00 1
CHB12 95.000 0.042 3.20 3.20 2 1.58 2.00 2
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Y AN Ui PIN122Tn (3ui) YaIn12LYn (3ui)
vesa nos ,(ﬂ%l\v Aaae Aiadie Afinnan  Anade Aadie Adinnan
Falu9) duysal ) duysal ,
CHB13 91.667 0.000 2.00 2.00 2 -1.76 2.29 1
CHB14 100.000 0.000 1.50 1.50 1 -1.13 1.63 0
CHB15 100.000 0.000 4.40 4.40 1 -5.95 6.35 1
CHB16 100.000 0.000 1.00 1.00 1 1.00 1.00 1
CHB17 100.000 0.000 17.00 18.33 2 -25.67 27.67 3
CHB18 83.333 (0.112 18.60 18.60 11 -10.20 11.00 2
CHB19 100.000 0.000 1.00 1.00 1 -0.33 0.33 0
CHB20 37.500 0.000 15.00 15.00 12 -10.33 10.33 3
CHB21 100.000 0.000 1.00 1.00 1 1.00 1.00 1
CHB22 100.000 0.000 8.67 8.67 2 -1.67 1.67 1
CHB23 100.000 0.038 3.86 3.86 1 -4.14 4.71 1
CHB24 87.500 0.000 6.07 6.07 1 -2.71 3.14 0

3 92.424  0.007
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000 EEG Exploration & Detection
EEG Trace ‘ EEG Analysis  Epileptic Seizure Classification (SVM) ‘ Epileptic Seizure Detection (SVM) ‘
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Window (sec): 240
1 1 1 1 1 1 1 1 |
5 30 a5 0 75 %0 105 135 150 180
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Analysis
Method:

Visualization: | 2-D Plot v
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EEG Exploration & Detection
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1. SVM Model Load / Train 2. Epileptic Seizure Classification
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i Dt rreero " WNWW
‘ :

EEG Filename: chb01 03.edf| | Browse 5 2000 2500 3000 3500
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—_— " b o " ‘ LA I i i
" LA ol
FP2-Fa P
M, G i Ui
Export " T At \ o
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I I I I i
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Abstract In this study, wavelet-based features of single-
channel scalp EEGs recorded from subjects with intracta-
ble seizure are examined for epileptic seizure classification.
The wavelet-based features extracted from scalp EEGs
are simply based on detail and approximation coefficients
obtained from the discrete wavelet transform. Support vec-
tor machine (SVM), one of the most commonly used clas-
sifiers, is applied to classify vectors of wavelet-based fea-
tures of scalp EEGs into either seizure or non-seizure class.
In patient-based epileptic seizure classification, a training
data set used to train SVM classifiers is composed of wave-
let-based features of scalp EEGs corresponding to the first
epileptic seizure event. Overall, the excellent performance
on patient-dependent epileptic seizure classification is
obtained with the average accuracy, sensitivity, and speci-
ficity of, respectively, 0.9687, 0.7299, and 0.9813. The vec-
tor composed of two wavelet-based features of scalp EEGs
provide the best performance on patient-dependent epilep-
tic seizure classification in most cases, i.e., 19 cases out of
24. The wavelet-based features corresponding to the 32-64,
8-16, and 4-8 Hz subbands of scalp EEGs are the mostly
used features providing the best performance on patient-
dependent classification. Furthermore, the performance
on both patient-dependent and patient-independent epilep-
tic seizure classifications are also validated using tenfold
cross-validation. From the patient-independent epileptic
seizure classification validated using tenfold cross-valida-
tion, it is shown that the best classification performance is
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achieved using the wavelet-based features corresponding to
the 64—128 and 4-8 Hz subbands of scalp EEGs.

Keywords Electroencephalogram - Seizure - Support
vector machine - Classification - Wavelet transform

1 Introduction

Indeed, machine learning plays a crucial role in a variety
of fields and has been widely applied. Ones of the key
research fields are biology and medicine. Computational
techniques and tools derived from machine learning con-
cepts and theories have been applied to obtain better diag-
nosis and prognosis of diseases, treatments, and also health
monitoring systems. Epilepsy, one of the most common
neurological disorders, has been a challenging subject and
gained a great attention from researchers. Epilepsy is char-
acterized by recurrent seizures that are physical reactions
to sudden, usually brief, excessive electrical discharges in
clusters of nerve cells [21]. Approximately 50 million peo-
ple worldwide have epilepsy, and most of the people with
epilepsy live in low- and middle-income countries [21].

An electroencephalogram (EEG) that is recorded using
electrodes placed on the scalp is the most common diagno-
sis test for epilepsy [13]. The EEG that quantifies electrical
activity of the brain provides ability to detect abnormalities
in the brain. Epileptic seizure classification and detection
are a crucial task of epilepsy diagnosis where specific fea-
tures and patterns of the EEG such as monomorphic wave-
forms, polymorphic waveforms, spike and sharp wave com-
plexes, or periods of reduced electrocerebral activity [8,
17, 20] are needed to be identified and detected. The scalp
EEG is very sensitive to signal attenuation and artifacts,
and also has poor spatial resolution. An intracranial EEG
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or an electrocorticogram (ECoG) is an alternative approach
to detect the electrical activity of the brain by placing elec-
trodes on the cortex. The intracranial EEG therefore pro-
vides a better characteristic of brain activity; however, it is
a more complicated and expensive diagnostic test. Previ-
ously most of studies on epileptic seizure classification and
detection examine intracranial EEG data.

A number of quantitative features extracting from either
scalp EEG or intracranial EEG including time-domain fea-
tures, frequency-domain or transform-domain features, and
also nonlinear features have been applied and shown to be
useful for epileptic seizure classification and detection. Sev-
eral of those quantitative features have been applied to both
scalp and intracranial EEGs for epileptic seizure classifica-
tion and detection. Some common time-domain features
[4, 9, 14, 18] are Hjorth parameters, zero crossing, root
mean square (RMS), line length, number of local maxima
and minima, and various statistical values such as variance.
Average power, total power, powers of spectral subbands,
peak frequency, mean frequency, and median frequency
are common frequency-domain features that are typically
obtained from the discrete Fourier transform, power spec-
tral density (PSD), and the discrete wavelet transform [9,
12, 15]. In particular, the time-domain features of single-
channel EEGs that provide the best epileptic seizure clas-
sification [9] with respect to the area under receiver oper-
ating characteristic (ROC) curve are line length, nonlinear
energy, variance, power, and maximum. Recently, several
nonlinear quantitative measures [6, 7, 14] such as Shannon
entropy, approximate entropy, fractal dimension, maximum
Lyapunov exponent, and spectral exponent are common
nonlinear features applied for epileptic seizure classifica-
tion and detection.

Various computational techniques and classifiers have
been used to classify EEG into corresponding physiologi-
cal and pathological states associated with epilepsy such as
ictal state (EEG associated with an epileptic seizure event),
interictal, pre-ictal, and post-ictal states. Machine learning
methods are a popular choice recently applied for classify-
ing a set of multiple quantitative features of EEG. Support
vector machine (SVM) classifiers are applied to scalp EEG
data [12, 16-18]. However, in [4], a linear discriminant
classifier is applied for neonatal seizure detection. Evolu-
tionary neural networks are also applied for epileptic sei-
zure classification [7]. Epileptic seizure classification and
detection can be performed using either patient-independ-
ent- or patient-dependent-based algorithms. A wide range
of success on epileptic seizure classification and detection
has been reported. In general, patient-dependent-based
algorithms provide better performance on epileptic seizure
classification. Also, the performance on epileptic seizure
classification and detection depends on seizure morpholo-
gies [12].

@ Springer

In particular, for epileptic seizure classification and
detection using scalp EEGs, sixty-five quantitative features
of multichannel scalp EEGs were examined and utilized
in Ref. [9]. All sixty-five quantitative features including
features derived from time-domain analyses, the discrete
wavelet transform, the continuous wavelet transform, and
discrete Fourier transform have been previously applied in
various studies. It was shown that there is a performance
trade-off between the sensitivity and the specificity. The
best performance on seizure classification is achieved
using the relative power obtained from the discrete wavelet
transform corresponding to a 12.5-25 Hz subband with the
sensitivity of 71.32% and the specificity of 79.67% when
the optimal threshold is used [9]. On the other hand, aver-
aged and integrated powers of multichannel bipolar EEGs
focusing on the 2.5-12 Hz subband were applied for epi-
leptic seizure detection in Ref. [5]. The sensitivity of epi-
leptic seizure detection was 87.3% for subjects with tem-
poral lobe epilepsy (TLE) and extra-temporal lobe epilepsy
(ETLE).

The energies determined from the coefficients of dis-
crete wavelet transform corresponding to four subbands
of multiple-channel scalp EEGs are used for patient-
dependent epileptic seizure detection in Ref. [17]. Over-
all, 131 of 139 epileptic seizure events are detected for the
patient-dependent epileptic seizure detection while there
are 15 false detections [17]. In Ref. [12], seven quantita-
tive features of 19-channel scalp EEGs including subband
powers obtained from the continuous wavelet transform
and various time-domain features and an SVM classifier
were applied for epileptic seizure detection where the prior
knowledge on diversity of seizure morphologies was taken
into account. The high correct detection rate (between 85
and 100%) and low false alarm rates (between 0.2 and 0.4
per hour) were achieved [12]. A large set of quantitative
features of scalp EEGs were applied in Ref. [7] for patient-
dependent epileptic seizure classification. The main fea-
tures examined belonged to morphological-based features,
time-domain features, frequency-domain, features, and a
nonlinear feature. The average sensitivity and specificity
obtained were 89.01 and 94.71%, respectively.

In this study, performances on epileptic seizure classi-
fication using wavelet-based features are examined by, in
particular, focusing on patient-dependent classification.
The number of channels of scalp EEGs is minimized which
yields a small number of wavelet-based features applied
to epileptic seizure classification. The wavelet-based fea-
tures denoted by /; are given by the logarithm to base 2 of
variance of detail and approximation coefficients of scalp
EEGs. Such wavelet-based features are computationally
relevant to the power spectral density (PSD) [1]. The wave-
let-based approach, however, allows an unbiased estimate
[1]. SVM is used as a binary classifier to discriminate scalp
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EEG epochs associated with epileptic seizure event from
scalp EEG epochs associated with pre-ictal and post-ictal
states, i.e., non-seizure period. The patient-dependent epi-
leptic seizure classification using wavelet-based features is
evaluated using two schemes. First, the wavelet-based fea-
tures of scalp EEG epochs corresponding to the first epilep-
tic seizure event are used as a training data. This approach
complies with the actual application when it is applied
to real-time or online epileptic seizure classification and
detection. Furthermore, k-fold cross-validation is applied to
the patient-dependent epileptic seizure classification using
wavelet-based features in the second scheme. The perfor-
mance on patient-independent epileptic seizure classifica-
tion is also evaluated using k-fold cross-validation.

2 Materials and methods
2.1 Data and subjects

Scalp EEG data of subjects with intractable seizures exam-
ined in this study were obtained from the CHB-MIT Scalp
EEG Database (available online at http://www.physionet.
org/pn6/chbmit/). The database was collected at the Chil-
dren’s Hospital Boston [3]. All subjects were monitored
for up to several days following withdrawal of anti-seizure
medication in order to characterize their seizures and assess
their candidacy for surgical intervention [3]. All protected
health information (PHI) in the original recordings was
replaced with surrogate information in order to protect the
privacy of the subjects [3]. The scalp EEG recordings were
acquired using a sampling rate of 256 Hz with 16 bit res-
olution [3]. The international 10-20 system of EEG elec-
trode positions and nomenclature was used for the record-
ings [3].

There are 24 cases of scalp EEG recordings, referred
to as chb01, chb02, chb03, and so on. The first 23 cases,
excluding the chb24 case, were recorded from 22 subjects
(5 males, ages 3-22 years old, and 17 females, ages 1.5-19
years old) [3]. The chbOl and chb21 cases were obtained
from the same subject. There are a total of 198 epileptic
seizure events. Further details on scalp EEG data and cases
can be obtained at http://www.physionet.org/pn6/chbmit/.

2.2 Wavelet-based features of scalp EEGs

The discrete wavelet transform is a representation of a
signal using a countably infinite set of wavelets that con-
stitutes an orthonormal basis [11]. The wavelet transform
can be interpreted as a generalized filter bank [22] as the
so-called mother wavelet is typically associated with a
bandpass filter. Also, the wavelet transform can be inter-
preted in the context of multiresolution analysis (MRA)

[10]. The multiresolution analysis generally consists of a
sequence of successive approximation spaces [19]. Fur-
thermore, the multiresolution analysis leads to a hierar-
chical scheme for the computation of the wavelet coef-
ficients of a given function [19].

A signal x[n] is decomposed into approximations
and details using the scaling and wavelet functions that,
respectively, correspond to lowpass halfband filter and
highpass halfband filter. This can be expressed as

xlnl =) aolklgoxln] 0
k

=Y arlklgrlnl + Y dilkly i xln) 2
k k

where the scaling function ¢ x[n] and the wavelet func-
tion yry x[n] are, respectively, an orthonormal basis for the
space V| and the orthogonal complement of V;, denoted
by Wi, and the space Vo = V| @ Wj. The approximation
coefficients a;[n] and the detail coefficients d;[n] can be
obtained by

ailn] =" aglklhlk — 2n) 3)
k

diln] =" aolklglk — 2n) @
k

where h[n] and g[n] are, respectively, the impulse
response of lowpass halfband filter and highpass halfband
filter.

For a single-level discrete wavelet decomposition
at level /, the approximation coefficients a;[n] can be
obtained by convolving the approximation coefficients
aj—1[n] with the time-reversed filter of h[n], i.e., iz[n],
followed by the downsampling and, similarly, the detail
coefficients dj[n] can be obtained by convolving the
approximation coefficients a;—[n] with the time-reversed
filter of g[n], i.e., g[n], followed by the downsampling.

From the L-level discrete wavelet decomposition,
there are L detail coefficients, i.e., dy, da, - - -, dy, and one
approximation coefficients, i.e., ar, obtained. Wavelet-
based features proposed for epileptic seizure classifica-
tion in this study are determined by taking the logarithm
to base 2 of variance of detail coefficients and approxi-
mation coefficients. The wavelet-based features obtained
from the detail coefficients d; are denoted by 4;, and the
wavelet-based feature obtained from the approximation
coefficients ay is denoted by Aryi. Therefore, the wave-
let-based features are given by

A =log, (var(dy)), wherel=1,2,...,L and 5)

Ar+1 = log, (var(ar)) (6)
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2.3 Data analysis and classification

Segments of single-channel scalp EEGs around epileptic
seizure events (12 min before seizure onset and 12 min
after seizure offset, unless limited by the beginning, the end
of recording, or the contiguous epileptic seizure events)
are used in this study. The scalp EEG segments are divided
into epochs with length of 512 samples (2 s) and with 50%
overlap. Such short length of scalp EEG epochs is chosen
to be able to capture characteristics of a brief lapse of epi-
leptic seizure event. Scalp EEG epochs associated with
epileptic seizure event are categorized as an SZ class while
scalp EEG epochs associated with pre-ictal and post-ictal
states are categorized as an NS class. The number of SZ
and NS epochs for each case is summarized in Table 1.

The second-order Daubechies wavelets are used for the
discrete wavelet decomposition. The Daubechies wavelet
family, one of the most commonly used wavelet families,
has several nice characteristics including orthogonality and
finite compact support. Higher-order Daubechies wave-
lets corresponds to higher regularity and also a number of

vanishing moments. Scalp EEG epochs are decomposed
into 7 levels that are the maximum level of wavelet decom-
position using the second-order Daubechies. Accordingly,
seven detail coefficients, i.e., dy, da, d3, ds, ds, dg and d7,
and one approximation coefficients, i.e., a7, are obtained.
The coefficients di, da, d3, das, ds, de, d7, and a7 correspond
approximately to 64-128, 32-64, 16-32, 8-16, 4-8, 24,
1-2, and 0-1 Hz subbands, respectively.

A feature vector applied for epileptic seizure clas-
sification is composed of all combinations of wavelet-
based features of scalp EEG epochs, ranging from two
wavelet-based features, i.e., (4;, 4;) where i # j, to seven
wavelet-based features, i.e., (Zi,4j,... n, o) Where
i#j#k#1#m%#n#o. Feature vectors of scalp
EEG epochs are classified using support vector machine
(SVM). The radial basis function (RBF) kernel is used
to train an SVM classifier. Scalp EEG epochs of both
SZ and NS classes obtained from the first seizure event
of each subject are used as training data sets. The clas-
sification and the performance evaluation are performed
by a case-by-case basis, i.e., patient-dependent epileptic

Table 1 Details of scalp EEG

Case Seizure duration (s) No. of epochs
epochs
All seizures The first seizure
Max Min Mean SZ NS SZ NS

chb01 101 27 63.1 428 9147 38 1281
chb02 82 9 57.3 166 3049 79 1264
chb03 69 47 574 388 9406 50 1078
chb04 116 49 94.5 370 5744 47 1436
chb05 120 96 111.6 548 6877 113 1133
chb06 20 12 153 133 13,151 13 1436
chb07 143 86 108.3 319 3795 84 1436
chb08 264 134 183.8 909 6774 169 1436
chb09 79 62 69.0 268 5364 62 1436
chb10 89 35 63.9 433 9587 33 1436
chbl1 752 22 268.7 800 3820 20 1014
chbl2 97 13 36.9 1395 25,773 59 1438
chbl3 70 17 44.6 511 13,520 42 1436
chbl4 41 14 21.1 153 11,099 12 1436
chbl5 205 31 99.6 1952 22,497 123 988
chbl6 14 6 84 64 11,441 7 1436
chb17 115 88 97.7 287 3730 88 1436
chb18 68 30 54.5 315 6924 48 790
chb19 81 77 78.7 230 3102 76 1015
chb20 49 29 36.8 278 10,360 27 810
chb21 81 12 49.8 191 5338 54 1436
chb22 74 58 68.0 198 3432 56 892
chb23 113 20 60.6 410 9269 111 1436
chb24 70 16 319 479 16735 23 1436
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Table 2 Statistical values (Meand-SD) of wavelet-based features of scalp EEG epochs
Case Class Feature
A A2 A3 24 5 /6 A2 8
chb01 SZ 7.64 £1.4 9.54 £0.8 11.29 £ 0.6 13.96 £0.8 16.58 £1.3 17.87 £ 1.8 17.96 £ 1.8 19.03+ 1.9
NS 456+ 1.2 840+ 1.1 9.69 £+ 1.0 9.96 £ 0.9 1195+ 1.1 13.03+ 1.4 1359+ 1.8 14.61 £2.0
chb02 Sz 8.08 &£ 1.5 1093 +£1.3 1323+ 1.2 1520 £ 1.0 16.69 £ 1.2 17.17 £ 1.6 1691 £ 1.9 17.74 £ 2.0
NS 747 £4.7 8.39£4.0 9.18 £2.7 10.81 £2.0 1238 £ 1.7 1392+ 1.8 14.90 £ 2.0 16.13 2.1
chb03 Sz 985+ 14 1144+ 15 1238+ 1.2 1291 £0.9 15.05+£0.8 1612+ 1.1 16.80 = 1.8 1775+ 1.9
NS 566+ 1.8 748 £2.1 8.58 £2.0 882+15 989+ 1.6 11.61 +2.1 1272 +£24 13.71 £ 6.6
chb04 Sz 9.03 £2.7 997 £22 11.00 £ 1.7 11.50 £ 0.7 1347 £0.6 1497 £ 1.1 1510 £ 1.5 1534+ 1.9
NS 6.69 £59 827+54 930 £4.2 1026 3.4 1127+27 1245+27 1328 £2.8 15.17£3.5
chb05 Sz 8.84 £ 1.0 11.54 £0.8 1357+ 1.1 1522+ 1.5 17.16 & 1.4 1836 + 1.7 18.06 £ 2.1 18.48 £2.0
NS 441£20 6.05 2.1 825+ 1.6 10.91 £0.9 1357 £ 1.0 14.66 £ 1.2 1492 £ 1.6 15.90 £ 1.9
chb06 Sz 8.74 £ 1.6 1023 £ 1.1 11.26 £0.7 1219 £ 0.5 1340+ 1.5 1496 + 1.5 14.96 £ 1.4 16.87 £ 1.4
NS 736 £1.3 1040 £ 1.3 1228 £ 1.0 13.50 £0.8 15.16 = 1.0 16.15 + 1.0 1634 £ 1.4 1729 £ 1.7
chb07 SZ 10.27 £ 2.0 1188+ 1.9 1330+ 1.5 14.67 £ 0.9 16.51 £0.8 1823+ 1.4 18.49 £ 1.6 18.66 + 1.8
NS 593+£1.8 772£1.6 92114 1094 £ 1.8 13.08 £ 2.6 14.69 + 3.2 1537 £33 16.12 £ 3.0
chb08 Sz 218+ 1.3 544+£15 841£15 12.00 £ 1.4 1542+ 1.5 1783+ 1.8 17.88 £ 2.1 18.90 £2.0
NS 152+1.1 477+1.0 7.17+£0.7 9.76 £ 0.9 1229+ 1.1 13.89+ 1.4 1447 £ 1.6 1557 £ 1.8
chb09 Sz 72515 1083+ 1.5 1430 £ 1.7 16.87 £2.0 18.13 £ 1.6 1795+ 1.5 18.18 £ 1.6 19.65 £ 2.1
NS 285+23 585+£1.6 8.69 £ 1.4 11.19+ 1.0 1319+ 1.1 13.92+£2.0 14.69 +2.6 1573 +2.4
chbl0 Sz 6.03 £0.4 10.00 £ 0.5 13.41+0.7 16.33 £0.7 18.20 £0.7 17.93 £0.9 17.69 + 1.1 1839+ 2.1
NS 476 £1.7 701 £1.6 890 £ 1.1 11.53+0.7 14.85 £0.9 1722 +£0.9 1773 £ 1.3 1832+ 1.5
chbl1 SZ 8.14£22 950 £ 1.6 11.81 £ 1.0 1391+0.7 16.05+0.8 1627 £1.2 16.78 £ 1.0 1730+ 1.4
NS 5.68 £ 1.6 753£13 899 £ 1.1 10.44 £ 0.9 1228 & 1.1 1358 £ 1.4 14.50 £ 1.7 1564 £ 1.8
chbl2 Sz 3.19£1.2 7.02£14 982 £1.5 12.06 & 1.1 1439 £1.2 1541 £2.0 1555 £2.2 17.08 £2.3
NS 24609 623 £09 8.85 £0.8 1092+ 1.1 13.03£ 1.5 14.11£1.5 14.82 £ 1.8 1573 £3.6
chbl3 Sz 2.60 £0.5 535+£05 8.17+04 11.64 +£ 0.6 1426 £0.9 16.25 £ 1.0 16.19 £ 1.9 1653 £ 1.7
NS 357+ 1.4 638 £ 1.4 892+ 1.2 1193+ 1.1 1403+ 1.3 13.88 £ 1.4 1428 £ 1.6 1540+ 1.8
chbl4 Sz 279+0.5 574+£04 7.51£0.6 931+1.1 1104+ 1.8 11.84 £33 1291 £2.7 14.53 £3.0
NS 1.75+£1.2 5.26 £0.9 846 £ 1.0 1150+ 1.1 1415+ 1.1 1576 £ 1.2 16.07 £ 1.5 16.46 + 1.6
chbl5 Sz 226 +£0.3 499404 8.01£0.5 10.73 £0.7 12.67 £ 0.9 1238+ 1.0 1184+ 15 13.14 £ 2.0
NS 224 £08 423408 6.14 £ 0.7 8.40+0.8 9.65 £09 10.55 + 1.0 1090 + 1.3 1184+ 1.8
chbl6 SZ 583£05 9.48 £ 0.6 12.16 £ 0.4 1237+£04 1277 £0.8 13.78 £ 0.9 1459 £ 1.6 16.16 £ 1.7
NS 383+£13 6.59 £ 1.1 832£1.0 952+ 1.0 11.63 £ 1.2 13.08 £ 1.6 13.88 + 1.9 15204 2.1
chb17 SZ 321£07 5.05+£08 716 £ 0.8 9.53+09 11.88 £0.9 1320+ 1.1 1267+ 1.7 13.60 + 1.8
NS 1.70 £ 1.1 3.19£06 450+ 0.6 6.90 £ 0.7 9.50 £0.8 1071 £ 1.2 1120+ 1.8 1225 +£2.0
chb18 SZ 526+£34 6.81 £2.6 823 £1.5 10.38 £ 0.9 1321 £ 1.1 14.57 £ 1.0 14.88 £ 2.0 15.12+£2.7
NS -0.37£2.0 214 £1.6 478 £ 1.3 729 £1.0 8.83£1.1 92314 958 £19 10.69 £2.3
chb19 Sz 9.18 £3.1 10.71 £ 3.1 12.16 £ 3.0 13.48 £3.1 14.90 £ 3.6 1513+ 4.4 15.08 £ 4.6 16.82 +4.4
NS 431£27 6.24 £2.1 755+£18 9.06 £ 1.1 1095 +£1.2 12.64 £ 1.8 1387 +£23 1501 £4.4
chb20 Sz 476 £ 1.0 741 £14 92919 10.92 2.0 13.09 £ 2.1 1497 £2.3 1470 £ 1.9 15.88 £ 2.0
NS 1.80 £ 0.4 495+04 739 £0.5 9.63 £0.7 11.55 £ 0.9 12.61 £ 1.1 1315+ 1.4 14.04 £ 1.6
chb21 Sz 2.18+0.6 555+04 891+£0.5 11.78 £ 0.8 13.53 £ 0.9 1409+ 1.2 1532+£13 16.08 £ 1.5
NS 1.69 £ 0.6 4.69 £ 0.4 737+£04 9.93 £0.6 11.76 £ 0.7 12.61 £ 1.0 13.16 £ 1.4 1423 £ 1.7
chb22 Sz 727420 890+ 1.4 11.02 £ 0.6 13.66 £0.7 16.24 £ 0.9 1731+ 1.0 1720 £ 1.5 17.68 £ 1.6
NS 5.65+£2.0 750+ 1.6 8.89+13 10.00 £0.8 11.57 £ 1.0 1268 £ 1.5 1348+ 1.9 14.96 £ 1.8
chb23 Sz 11.09+ 1.5 1249+ 1.5 1334 £13 13.02 £ 0.9 15.08 £ 1.0 1742+ 1.6 18.36 = 1.6 1875 £ 1.6
NS 4.03£32 6.63 +2.8 8.54 £2.0 9.83 £ 1.1 1L19£ 1.1 1232+ 1.2 1287 £ 1.6 14.04 £ 1.8
chb24 Sz 5.03£2.1 8.15£3.0 11.47 £2.9 14.68 £2.6 17.33 £3.0 19.65 £ 4.0 19.37 £ 3.8 19.58 £3.6
NS 2.58 £0.2 453+03 7.16£0.3 9.74 £ 0.6 11.92 £0.7 13.19£0.9 14.06 £ 1.3 1491 £1.3
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seizure classification. Furthermore, to validate a gen-
eralized performance of wavelet-based features on both
patient-dependent and patient-independent epileptic sei-
zure classifications, tenfold cross-validations are applied
using feature vectors composing of two wavelet-based
features, i.e., (Ai,ij). For each case, the feature vectors
of scalp EEG epochs associated with SZ and NS classes
are randomly divided into ten subsets. Nine subsets of
feature vectors are used as a training set while another
subset of feature vectors being used as a testing set. This
process is repeated ten times with each of the ten subsets
of feature vectors being used once as the training set. The
performance of tenfold cross-validation is determined
from all ten classifications.

The performance of epileptic seizure classifications is
evaluated using three conventional classification perfor-
mance measures: accuracy, sensitivity, and specificity.
The accuracy (Ac), the sensitivity (Se), and the specific-
ity (Sp) are given, respectively, by

A TP + TN
C= ——
TP + TN + FP + FN
TP
e=———, and
TP + FN
TN
Sp=r s
TN + FP

where TP, TN, FP, and FN denote a number of true posi-
tives, a number of true negatives, a number of false posi-
tives, and a number of false negatives, respectively. All
channels of bipolar scalp EEG data are analyzed and
examined in this study. Nevertheless, only results that
are obtained from the channel providing the best perfor-
mance on epileptic seizure classification for each case
with respect to the product of sensitivity and specificity
are presented.

In addition, the performance of patient-dependent epi-
leptic seizure classification using the wavelet-based fea-
tures is compared to that using the best five time-domain

Table 3 Performance on

, oo Subject Channel Feature Accuracy (Ac) Sensitivity (Se) Specificity (Sp) Se x Sp
patient-dependent epileptic
seizure classification using 2 chb01 FT9-FTI0  Ja, /s 0.9752 0.9436 0.9767 0.9216
wavelet-based features chb02 P7-01 Jada 09915 0.9080 09955 0.9040
chb03 T7-FT9 Janis 0.9802 0.9083 0.9831 0.8929
chb04 C4-P4 Jaris 0.9523 0.4985 0.9863 0.4916
chb05 P8-02 Js e 0.9856 0.8966 0.9923 0.8897
chb06 F8-T8 s 0.9924 0.4417 0.9980 0.4408
chb07 FPI-F3 Jaris 0.9522 0.7106 0.9763 0.6938
chbo8 FZ-CZ g 0.9503 0.7297 0.9809 0.7158
chb09 C3-P3 Jasia 0.9978 0.9806 0.9987 0.9793
chb10 F1-T7 Janis 0.9898 0.7875 0.9998 0.7873
chbl1 F7-T7 J3iia 0.9071 0.6513 0.9783 0.6371
chb12 F8-T8 Jaiia 0.9584 0.2515 0.9972 0.2508
chbi3 FZ-CZ Jaie 0.8425 0.5522 0.8538 04715
chbl4 C4-P4 I e 0.9900 0.3617 0.9992 0.3614
chbls T7-P7 Js\ia 0.9629 0.8628 09714 0.8381
chbl6 C4-P4 274 0.9847 0.1754 0.9893 0.1736
chb17 Cz-PZ 3,74 0.9727 0.8794 0.9808 0.8625
chbig P8-02 Jer 0.9561 0.7041 0.9671 0.6809
chb19 P8-02 34 0.9826 0.8831 0.9899 0.8742
chb20 C3-P3 Jay s 0.9860 0.7570 0.9920 0.7509
chb21 CZ-PZ s 0.9819 0.8029 0.9882 0.7935
chb22 F3-C3 Janis 0.9896 0.9155 0.9937 0.9097
chb23 T7-P7 Janis 0.9791 0.8863 0.9826 0.8709
chb24 FZ-CZ Jaia 0.9704 0.7917 0.9757 0.7724
Average 0.9680 0.7200 0.9811 0.7069
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Tal?le 4 Pcrformanc.c on Subject Channel Feature Accuracy (Ac) Sensitivity (Se) Specificity (Sp) Se xSp

patient-dependent epileptic

seizure classification using 3 chbO1 FT9-FTI0  J2,/3./5  0.9790 0.8923 0.9833 0.8774

wavelet-based features chb02 F3-C3 Jasiarlds  0.9760 0.9195 0.9787 0.9000
chb03 T7-FT9 A3, 24, 25 0.9796 0.8757 0.9838 0.8615
chb04 C4-P4 A2, 23, 25 0.9471 0.4025 0.9879 0.3976
chb05 FP1-F7 A4y 25, A6 0.9785 0.7448 0.9962 0.7420
chb06 F8-T8 M, A2, A3 0.9924 0.4167 0.9983 0.4160
chb07 FP1-F3 M, A2, A3 0.9449 0.5787 0.9813 0.5679
chb08 FZ-CZ A4y 25, A6 0.9508 0.7351 0.9807 0.7210
chb09 F7-T7 A2,23,44  0.9964 0.9660 0.9980 0.9641
chbl0 F7-T7 23,24, 25 0.9814 0.6075 0.9998 0.6074
chbll FT9-FT10 2,23, 24 0.8851 0.4795 0.9979 0.4785
chbl2 C4-P4 A, A3, 24 0.9687 0.4139 0.9992 0.4136
chbl3 FZ-CZ 2,75, %6 0.8738 0.4776 0.8892 0.4247
chbl4 CZ-PZ M, A2, 23 0.9807 0.3191 0.9904 0.3161
chbl5 T7-P7 As, 21,78 0.9571 0.7797 0.9722 0.7579
chbl6 F4-C4 M, A3, 24 0.9937 0.1930 0.9983 0.1927
chbl7 CZ-PZ 12,23, 24 0.9679 0.9246 0.9717 0.8984
chbl18 C4-P4 12,23, %6 0.9652 0.5655 0.9826 0.5557
chb19 P8-02 12,23, 24 0.9822 0.8312 0.9933 0.8256
chb20 C3-P3 M, A2, A3 0.9875 0.7450 0.9938 0.7404
chb21 CZ-PZ M, A2, As 0.9844 0.8029 0.9908 0.7955
chb22 F3-C3 A2, A4, As 0.9907 0.8803 0.9969 0.8775
chb23 T7-P7 4,25, 26 0.9818 0.8462 0.9870 0.8351
chb24 FZ-CZ 22,23, 24 0.9734 0.7829 0.9791 0.7665
Average 0.9674 0.6742 0.9846 0.6742

features [9], i.e., line length, nonlinear energy, variance,
power, and maximum, in terms of the area under ROC
curve (AUC). Also, the accuracy, the sensitivity and the
specificity obtained from patient-dependent epileptic sei-
zure classification using SVM are compared. The line
length fi, nonlinear energy fa, variance f3, power fi, and
maximum f5 are, respectively, defined as follows [9]:

N—-1
fi=Y" |xln— 11— xin]| %)
n=1
N-2
f= m;xzm]—x[n— xln + 1] ®)
1 N—1
=5 ; (x[n] — %)? ©
1 N—-1
fi=y nX:(:)lenl (10)
f5 = max(x[n]) (11)

where N denotes the length of EEG signal x[n] and X
denotes the mean of x[n].

3 Results
3.1 Characteristics of wavelet-based features

Means and standard deviations of all wavelet-based
features, i.e., A1, A2, A3, A4, As, Ag, A7, and g, of both
SZ and NS epochs for each case are summarized in
Table 2. The characteristics of wavelet-based features
vary corresponding to cases and also subbands. In gen-
eral, wavelet-based features 4; of SZ epochs tend to be
higher than those of NS epochs. From the results of
two-sample z-tests (p-value of 0.0001), it is suggested
that for all cases there is at least one wavelet-based
feature that associates with the significant difference
between the means of corresponding wavelet-based
features of both SZ and NS epochs. The means of
any wavelet-based feature, i.e., 1, 1o, 13, A4, 45, A6, A7,
and /g, of SZ epochs are significantly different from
those of NS epochs in 13 cases (chbO1, chb03, chb05,
chb07, chb08, chb09, chbll, chbl7, chbl8, chb2l,
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Table 5 Performance on

N o Subject Channel Feature Accuracy (Ac)  Sensitivity (Se)  Specificity (Sp)  Se x Sp

patient-dependent epileptic

seizure classification using 4 chb01 FT9-FTI0 2. Ja. /3,44 09824 0.7333 0.9948 0.7295

wavelet-based features chb02 F3-C3 I3, dasis.lg 09754 0.7931 0.9843 0.7807
chb03 T7-FT9 A2, 23,4 09678 0.7781 0.9755 0.7590
chb04 FZ-CZ 23,24, 25,27 0.9400 0.2477 0.9919 0.2457
chb05 FZ-CZ 272,23, 74 0.9659 0.6207 0.9920 0.6157
chb06 T7-FT9 2.2, 03,0 09910 0.3750 0.9974 0.3740
chb07 FP1-F3 M2 la.la 09341 0.4638 0.9809 0.4550
chb08 T8-P§ Jaydards.dg 09462 0.6878 0.9820 0.6755
chb09 C3-P3 J2,23,24,45 09940 0.9078 0.9985 0.9064
chbl0 F7-T7 J2,23,74,%5 09711 0.3850 0.9999 0.3850
chbll FT9-FT10  73,43,24,46  0.8664 0.3936 0.9979 0.3927
chbl2 C4-P4 A1, 42,73, 44 0.9691 0.4214 0.9992 0.4211
chbl3 FZ-CZ J2,23,75, %  0.8925 0.3945 09119 0.3597
chbl4 C4-P4 1,242,723, 0.9886 0.2128 0.9999 0.2127
chbl5 T7-P7 Ja, 25,726,727  0.9402 0.5653 0.9721 0.5495
chbl6 F4-C4 A, A2, 73,74 0.9944 0.1579 0.9992 0.1578
chbl7 CZ-PZ J2, 23,74, 0.9671 0.8241 0.9795 0.8072
chbl8 CZ-PZ 2,243,725, 09534 0.5094 0.9728 0.4955
chb19 FP2-F4 2,2, 23,74 09822 0.7727 0.9976 0.7709
chb20 F3-C3 1,2, 73,745 0.9883 0.6295 0.9977 0.6280
chb21 CZ-PZ M. la, a5 0.9807 0.7956 0.9872 0.7854
chb22 FZ-CZ A1, A2, 24,25 0.9899 0.8732 0.9965 0.8701
chb23 P3-01 J2,23,25,46  0.9833 0.8161 0.9897 0.8076
chb24 FZ-CZ 202,03, 0a 0.9824 0.6491 0.9923 0.6441
Average 0.9644 0.5836 0.9871 0.5762

chb22, chb23, and chb24). On the contrary, for the
case chb06, there is a significant difference between
the means of only wavelet-based feature A4 of both SZ
and NS epochs.

All wavelet-based features of all SZ and NS epochs
obtained from all subjects are compared in box plots
shown in Fig. 1. This obviously shows the tendency of
higher values of wavelet-based features of SZ epochs
compared to those of NS epochs. In addition, Figs. 2
and 3, respectively, compare all wavelet-based fea-
tures of all SZ and NS epochs obtained from the case
chb09 posing the best performance on epileptic seizure
classification and the case chbl6 posing the worst per-
formance on epileptic seizure classification. Figure 2
shows that wavelet-based features of SZ epochs are
substantially higher than those of NS epochs in the case
chb09. On the other hand, even though wavelet-based
features of SZ epochs tend to be higher than those of
NS epochs in the case chb16, wavelet-based features of
SZ epochs are in the spans of wavelet-based features of
NS epochs.

@ Springer

3.2 Performance of patient-dependent epileptic seizure
classification

The performances on patient-dependent epileptic seizure
classification using the feature vectors composing of 2,
3, 4,5, 6, and 7 wavelet-based features of scalp EEG
epochs corresponding to the first epileptic seizure event
as the training data set are shown in Tables 3, 4, 5, 6, 7,
and 8, respectively. The EEG channels and the wavelet-
based features that provide the best performance on cor-
responding epileptic seizure classification are individu-
ally reported for each case. Remark that the EEG channel
slightly changes from case to case. The performance on
epileptic seizure classification tends to decrease as the
number of wavelet-based features used as the feature vec-
tor increases. The wavelet-based features providing the
best performance on epileptic seizure classification also
vary from case to case.

The best overall performance on patient-dependent epi-
leptic seizure classification is obtained using the feature
vector composing of 2 wavelet-based features. There are 19
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Table 6 Performance on
patient-dependent epileptic

Subject Channel Feature

Accuracy (Ac)  Sensitivity (Se)  Specificity (Sp)  Se x Sp

seizure classification using 5 chbO1
wavelet-based features

FT9-FT10 A1, /2,43, 74,45 0.9760 0.5487 0.9972 0.5472

chb02  FZ-CZ Py as i3, dasis 09770 0.7011 0.9905 0.6945
chb03  TT-FTO 7y, 72,73, 74,55 09784 0.6775 0.9906 0.6712
chb04  FZ-CZ 73, 7as 35, 37,75 0.9369 0.1176 0.9984 0.1175
chb05  FZ-CZ Py iasiasdanis 0.9625 0.5333 0.9950 0.5306
chb06  T8-P8 70202, 73, 24y 25 0.9888 0.2583 0.9962 02574
chb07  FPI-F3  71,Ja,73, 74,75  0.9306 03191 0.9915 03164
chb08  T8-P8 03,0y 05, 26 0.9423 0.6297 0.9856 0.6206
chb09 F4-C4 A4.25  0.9857 0.7476 0.9982 0.7462
chbl0 F7-T7 f2, 23, 24, 25, 46 0.9640 0.2300 1.0000 0.2300
chbll FT9-FT10 A1, /2,43,/4, 45 0.8427 0.2795 0.9993 0.2793
chb12 C4-P4 A1, 22,73, 24,47 0.9584 0.2073 0.9996 0.2073
chbl3 FZ-CZ /2,23, 74, 25,26 0.9095 0.3348 0.9318 0.3119
chbl4 FZ-CZ 1,242,723, 25,47 0.9869 0.1418 0.9993 0.1417
chbl5 C3-P3 A2 Ja,45 09110 0.3855 0.9556 0.3684
chbl6 F4-C4 A1 22,73, 24,26 0.9947 0.0877 0.9999 0.0877
chbl17 CZ-PZ /2,73, 74, 25,27 0.9631 0.6784 0.9878 0.6701
chbl8 CZ-PZ /2,23, 74, 25,26 0.9633 0.4120 0.9873 0.4067
chbl9 FP2-F4 A, 72, 43, A4, 45 0.9634 0.4675 1.0000 0.4675
chb20 F3-C3 A1y 22,43, 4,45 0.9861 0.4741 0.9996 0.4739
chb21 CZ-PZ A, 72, 23, 4,45 0.9802 0.7372 0.9887 0.7289
chb22  FZ-CZ Py 2. i3, dasis 0.9892 0.8310 0.9980 0.8294
chb23  P3-01 Py 2. 03, 05,56 0.9806 0.7391 0.9898 0.7316
chb24  FZ-CZ Py a.iadasis 09791 0.3487 0.9978 0.3479
Average 0.9604 0.4537 0.9907 0.4493

cases that the feature vector composing of 2 wavelet-based
features provides the best performance on epileptic seizure
classification. The best performance on patient-dependent
epileptic seizure classification is obtained using the feature
vector composing of 3 wavelet-based features for the cases
chb10, chb16, chbl7, and chb21. The feature vector com-
posing of 4 wavelet-based features is required to obtain the
best performance on patient-dependent epileptic seizure
classification for the case chbl2. The best performances on
patient-dependent epileptic seizure classification for each
case are summarized in Table 9.

The best performance on patient-dependent epileptic
seizure classification is obtained at the case chb09 which
corresponds to the accuracy of 0.9978, the sensitivity of
0.9806, and the specificity of 0.9987 using the wavelet-
based features 1> and A4 as the feature vector. The worst
performance on patient-dependent epileptic seizure classi-
fication is obtained at the case chbl6 which corresponds to
the accuracy of 0.9937, the sensitivity of 0.1930, and the
specificity of 0.9983 using the wavelet-based features 41, A3
and /4 as the feature vector. The distributions of wavelet-
based features of both SZ and NS epochs corresponding to
each epileptic seizure event of cases chb09 and chbl6 are

compared in box plots shown in Figs. 4 and 5, respectively.
These obviously give a justification for the corresponding
performances. The wavelet-based features of SZ and NS
epochs in the case chb09 slightly vary from one epileptic
seizure event to another for all four epileptic seizure events.
There are, however, considerable variations on wavelet-
based features of SZ and NS epochs within ten epileptic
seizure events for the case chb16. Furthermore, in the case
of chb16 the range of wavelet-based features of NS epochs
is over that of wavelet-based features of SZ epochs. This
makes such epileptic seizure classification unfeasible.

3.3 Performance evaluation using tenfold
cross-validation

Using the same corresponding EEG channels and wavelet-
based features providing the best performance reported in
Table 3, the results of tenfold cross-validation on patient-
dependent epileptic seizure classification are summarized
in Table 10. In general, the accuracy and the specificity
of patient-dependent epileptic seizure classification are
remarkably high. Both accuracy and specificity are higher
than 0.90 for all cases. The highest and lowest accuracies
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Table 7 Performance on

. o Subject Channel Feature
patient-dependent epileptic

Accuracy (Ac) Sensitivity (Se)  Specificity (Sp)  Se x Sp

seizure classification using 6 chbO1 FZ-CZ  J1,0,73, 04, 75,06 0.9675 0.3974 0.9958 0.3958

wavelet-based features chb02  FTTT Ay, ia. iz dasisidg 09712 0.3793 1.0000 0.3793
chb03  TT-FTO 21,0, 23, Jar s, dg  0.9744 0.4320 0.9964 0.4304
chb04  TT-FTO 2y, /lp, 23, Janis.lq 09337 0.0650 0.9988 0.0649
chb05S  FZ-CZ 2y Ja. i3, lanis. g 09536 0.3586 0.9986 03581
chb06  T8-P8 21, /a, A3, Janis.dg  0.9899 0.1250 0.9987 0.1248
chb07  FPI-F3

chb08 Fz-CZ

172233, 0an 05, 0 09171 0.1319 0.9953 0.1313
1A, A3 a5 dg 09294 0.5662 0.9798 0.5548

chb09 F4-C4 3 /s, ke 09717 0.4466 0.9992 0.4463
chb10 C3-P3 A1, 22,73, 24y 25,26 0.9587 0.1600 0.9979 0.1597
chbll FZ-CZ z /3,4, 25,56 0.8173 0.1654 0.9986 0.1651
chb12 F4-C4 /5,27 0.9513 0.0883 0.9987 0.0882
chbl3 FZ-CZ A5, 26,47 0.9421 0.1620 0.9724 0.1576
chbl4 FZ-CZ /3,4, 25,77 0.9865 0.0922 0.9996 0.0922
chbl5 P7-01 A5, 26,47 0.9380 0.2603 0.9956 0.2591
chbl6 F4-C4 122,73, 24y 26, g 0.9945 0.0351 1.0000 0.0351
chbl17 CZ-PZ  J2,23,74,25,26,77 0.9410 0.3869 0.9891 0.3827
chbl8 CZ-PZ  J2,23,74,25,26,77 0.9658 0.2772 0.9958 0.2760
chbl9 F7-T7 522,73, 74,25, 26 0.9433 0.1818 0.9995 0.1817
chb20 F3-C3 522,73, 24,25, 46 0.9800 0.2271 0.9998 0.2270
chb2l  CZ-PZ iy, ia. iz dasisi g 0.9802 0.6423 0.9921 0.6372
chb22  EZ-CZ Ay, ia. i3, A4, is iy 09773 0.5775 0.9996 0.5772
chb23  P4-02 Ay, p. i3, Aa.is. kg 09595 0.6421 09717 0.6239
chb24  FZ-CZ Ay, ip. i3 04, ds g 09766 0.2018 0.9997 0.2017
Average 0.9550 0.2918 0.9947 0.2896

are, respectively, 0.9959 and 0.9281 while the highest and
lowest specificities are, respectively, 0.9997 and 0.9910. On
the contrary, the wide range of sensitivity is obtained. The
best and worst sensitivities are 0.9295 and 0.0174, respec-
tively. The performance on patient-dependent epileptic sei-
zure classification evaluated using tenfold cross-validation
is in general lower than those using the wavelet-based fea-
tures of scalp EEG epochs corresponding to the first epilep-
tic seizure event as the training data set. The better perfor-
mance on patient-dependent epileptic seizure classification
evaluated using tenfold cross-validation is achieved in the
cases chb04, chb10, chbl1, chbl4, and chb22.

The results of tenfold cross-validation on the patient-
independent epileptic seizure classification correspond-
ing to each pair of wavelet-based features are summa-
rized in Table 11. The same EEG channels providing the
best performance for all cases reported in Table 3 are
used. The highest product of sensitivity and specificity is
0.2004 that is obtained from the patient-independent epi-
leptic seizure classification using the wavelet-based fea-
tures A; and As as the feature vector. The corresponding

@ Springer

accuracy, sensitivity, and specificity are 0.9579, 0.2011,
and 0.9965, respectively. On the other hand, the worst
performance on the patient-independent epileptic seizure
classification is obtained using the wavelet-based fea-
tures A7 and Ag as the feature vector with the accuracy,
sensitivity, and specificity of 0.9518, 0.0259, and 0.9990,
respectively.

3.4 Comparison of performance on patient-dependent
epileptic seizure classification

The areas under ROC curve obtained from using the
wavelet-based features and the time-domain features are
compared in Table 12. The maximum area under ROC
curve for each case is written in bold. In general, the
wavelet-based features provide better performance on
epileptic seizure classification compared to the time-
domain features. The wavelet-based features, i.e., 13, A4,
/s, and Ag, provide the best classification performance
regarding to the maximum area under ROC curve in 18
cases while the time-domain features, i.e., f2, f1, and f5
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Table 8 Performance on

N o Subject  Channel Feature Accuracy (Ac) Sensitivity (Se) Specificity (Sp) Se x Sp
patient-dependent epileptic

seizure classification using 7 chbOl  FZ-CZ 21,70, 73, 74, 45, 26, 77 0.9598 0.1513 0.9999 0.1513

wavelet-based features chb02  P3-O1 1,773, 74,75, 36,77 0.9599 0.1609 0.9989 0.1607

chb03  TT-FTO 71,0, 73, 24 25, A6, 27 0.9660 0.1361 0.9996 0.1360

chb04  C3-P3 7y, 0,73, 44,25, 6 27 0.9313 0.0217 0.9995 0.0217

chb0S  FZ-CZ 71,70, 73, 44,75, 26, 2s  0.9388 0.1356 0.9997 0.1356

chb06  T8-PS A1/, 23,04, 75, 06,75 0.9904 0.0583 0.9999 0.0583

chb07  FPL-F3 17,73, 04,75, 36,77 09113 0.0426 0.9979 0.0425

chb08  CZPZ  1y,7,73, 74,05, 76,77 09181 04135 0.9880 0.4086

chb09  TT-FT9 21,0, 73, 2. 25, h6s 27 0.9589 0.1748 1.0000 0.1748

chbl0 F3-C3 A1, 42,43, 44, 725,46, 77 0.9529 0.0900 0.9952 0.0896

chbll FZ-CZ  ’2,23,24,75, %6, 27,78 0.7858 0.0154 1.0000 0.0154

chbl2 F4-C4 A, A2, 23, A4, 25, A6, A7 0.9487 0.0329 0.9989 0.0329

chbl3 FZ-CZ )1, /2,73, 74,75, 26,77 0.9517 0.0768 0.9857 0.0757

chbl4 C3-P3 1, A2, 73, A4, 25, 26, A7 0.9860 0.0284 1.0000 0.0284

chbl5 P7-01 1, A2, 23, A4, 25, 26, A7 0.9298 0.1258 0.9982 0.1255

chbl6 FP2-F8 A1, 42,23, A4, 25, 6,728  0.9944 0.0175 1.0000 0.0175

chbl7 F3-C3 1,2, 73, 4, A5, A6y A 0.9262 0.1307 0.9952 0.1300

chbl18 FZ-CZ )1, 72,73, 24,75, %6, 77 0.9503 0.1199 0.9865 0.1182

chb19 F8-T8 Ay 22,23, 24, 25, 26, A7 09335 0.0325 1.0000 0.0325

chb20 CZ-PZ 2y, }2,23, 24,725, %6, 77 0.9756 0.0558 0.9998 0.0558

chb2l  CZPZ 71,0, 73, 0405, 6 dq 0.9757 0.4015 0.9959 0.3998

chb22  FZ-CZ 1,0, 73, 4435, J6s 27 0.9597 0.2465 0.9996 0.2464

chb23  P4-02 71,0, 03, A4 s, e dg 0.9659 0.3612 0.9890 0.3572

chb24  FZ-CZ 71,0, 73, 4425, 26 27 0.9727 0.0570 1.0000 0.0570

Average 0.9476 0.1286 0.9970 0.1280

provide the best classification in the other 6 cases. The
wavelet-based features /4 and A5 are the wavelet-based
features providing the best classification performance
among all eight wavelet-based features. The nonlinear
energy, i.e., f>, is the time-domain feature providing
the best classification performance among all five time-
domain features.

Table 13 shows the best performance on patient-
dependent epileptic seizure classification using the time-
domain features and SVM. The best performance on
patient-dependent epileptic seizure classification can be
achieved using the feature vector composing of 2, 3, and
4 time-domain features for 13, 7, and 4 cases, respec-
tively. The best performance is obtained at the case
chb09 using the line length, the nonlinear energy, the
variance, and the maximum as the feature vector while
the worst performance is obtained at the case chbl6
using the line length and the variance as the feature vec-
tor. In general, the wavelet-based features provide the
better performance for epileptic seizure classification
than the time-domain features. The better performance
on patient-dependent epileptic seizure classification can
be obtained using the wavelet-based features in 19 cases.

4 Discussion

From the computational results, it is shown that, in general,
the wavelet-based features of scalp EEG epochs associated
with epileptic seizure event and non-seizure period, i.e.,
pre-ictal and post-ictal states, are considerably different
from each other corresponding to the same case. Further-
more, this suggests that at any spectral subband the power
of scalp EEG epochs associated with epileptic seizure event
is higher than those of scalp EEG epochs associated with
non-seizure period. Such differences between the wavelet-
based features lead to an excellent epileptic seizure classi-
fication. The average accuracy, sensitivity, and specificity
of patient-dependent epileptic seizure classification are,
respectively, 0.9680, 0.7200, and 0.9811. This performance
is comparable with the computational results of the auto-
mated patient-dependent epileptic seizure classification [7]
where the corresponding average sensitivity and specificity
are 89.01 and 94.71%. However, a larger number of quanti-
tative features were applied in Ref. [7]. The best accuracy,
sensitivity, and specificity of patient-dependent epilep-
tic seizure classification are 0.9978, 0.9806, and 0.9998,
respectively.
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Table 9 Best performance on

N o Subject Channel Feature Accuracy (Ac)  Sensitivity (Se)  Specificity (Sp)  Se x Sp
patient-dependent epileptic
seizure classification chbO1 FT9-FTI0 /o, /)5 0.9752 0.9436 0.9767 0.9216
chb02 P7-01 J2, 4 0.9915 0.9080 0.9955 0.9040
chb03 T7-FT9 Y 0.9802 0.9083 0.9831 0.8929
chb04 C4-P4 72,25 0.9523 0.4985 0.9863 0.4916
chb05 P8-02 25,26 0.9856 0.8966 0.9923 0.8897
chb06 F8-T8 21,73 0.9924 0.4417 0.9980 0.4408
chb07 FP1-F3 72,73 0.9522 0.7106 0.9763 0.6938
chb08 Fz-CZ 24,75, 26 0.9508 0.7351 0.9807 0.7210
chb09 C3-P3 l2. 04 0.9978 0.9806 0.9987 0.9793
chb10 F7-T7 I, 5 0.9898 0.7875 0.9998 0.7873
chbll F7-T7 73,74 0.9071 0.6513 0.9783 0.6371
chb12 C4-P4 1,242,723, 24 0.9691 04214 0.9992 0.4211
chbl3 Fz-Cz /2,6 0.8425 0.5522 0.8538 0.4715
chbl4 C4-P4 /2,6 0.9900 0.3617 0.9992 0.3614
chbl5 T7-P7 )5, A 0.9629 0.8628 0.9714 0.8381
chbl6 F4-C4 A1, 23,24 0.9937 0.1930 0.9983 0.1927
chb17 CZ-PZ 72,73, 74 0.9679 0.9246 0.9717 0.8984
chbl18 P8-02 26y A7 0.9561 0.7041 0.9671 0.6809
chb19 P8-02 73,74 0.9826 0.8831 0.9899 0.8742
chb20 C3-P3 72,04 0.9860 0.7570 0.9920 0.7509
chb21 CZ-PZ 2,702,725 0.9844 0.8029 0.9908 0.7955
chb22 F3-C3 e 0.9896 0.9155 0.9937 0.9097
chb23 T7-P7 24,25 0.9791 0.8863 0.9826 0.8709
chb24 Fz-CZ 72,04 0.9704 0.7917 0.9757 0.7724
Average 0.9687 0.7299 0.9813 0.7165

A variety of wavelet-based features of scalp EEG epochs
are incorporated in the feature vectors used to obtained
the best performance on patient-dependent epileptic sei-
zure classification for corresponding cases. The number
of wavelet-based features of scalp EEG epochs used to
obtained the best performance on patient-dependent epi-
leptic seizure classification also varies among cases. Two
wavelet-based features of scalp EEG epochs are required to
obtain the best patient-dependent epileptic seizure classifi-
cation in most cases, i.e., 19 cases out of 24. The wavelet-
based features A4, A, and As are the wavelet-based features
of scalp EEG epochs that are mostly used as feature vectors
to obtain the best performance on patient-dependent epilep-
tic seizure classification. These wavelet-based features, i.e.,
A2, 74, and A5 correspond to the 32-64, 8-16, and 4-8 Hz
subbands of scalp EEG epochs, respectively. The wavelet-
based feature Ag which corresponds to the 0—1 Hz subband
of scalp EEG epochs is not associated with the best perfor-
mance on patient-dependent epileptic seizure classification
of any cases.

@ Springer

The best performance on patient-dependent epilep-
tic seizure classification using the wavelet-based features
of scalp EEG epochs corresponding to the first epilep-
tic seizure event as the training data set is achieved with
the accuracy of 0.9978, the sensitivity of 0.9806, and the
specificity of 0.9987. The accuracy, sensitivity, and speci-
ficity of patient-dependent epileptic seizure classification
using the wavelet-based features of scalp EEG epochs cor-
responding to the first epileptic seizure event as the train-
ing data set are, respectively, 0.9937, 0.1930, and 0.9983
for the worst performance. The wavelet-based features
and the time-domain features provides both best and worst
performances on patient-dependent epileptic seizure clas-
sification for the same cases. Superior performance of the
wavelet-based features for epileptic seizure classification
suggests that the distinctive characteristics of epileptic sei-
zure manifest in some specific spectral bands of EEG sig-
nals rather than the whole bandwidth of EEG signals.

In the case with best performance on epileptic seizure
classification, the consistent characteristics of scalp EEG
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Table 10 Performance on patient-dependent epileptic seizure classi-
fication using tenfold cross-validation

Table 11 Performance on patient-independent epileptic seizure clas-
sification using tenfold cross-validation

Subject  Accuracy (Ac) Sensitivity (Se) Specificity (Sp) Se x Sp

Feature Accuracy (Ac) Sensitivity (Se) Specificity (Sp) Se x Sp

chb01 0.9941 0.9081 0.9981 0.9064
chb02 0.9917 0.8628 0.9987 0.8617
chb03 0.9808 0.6057 0.9963 0.6034
chb04 0.9758 0.7165 0.9925 0.7112
chb05 0.9693 0.6405 0.9955 0.6376
chb06 0.9927 0.3576 0.9991 0.3572
chb07 0.9655 0.6343 0.9934 0.6301
chb08 0.9281 0.4116 0.9975 0.4105
chb09 0.9959 0.9295 0.9992 0.9288
chb10 0.9907 0.8001 0.9993 0.7996
chbll 0.9795 0.9247 0.9910 0.9164
chbl2 0.9592 0.2566 0.9973 0.2559
chbl3 0.9640 0.0622 0.9981 0.0621
chbl4 0.9920 0.4604 0.9993 0.4601
chbl5 0.9590 0.5457 0.9949 0.5429
chbl6 0.9942 0.0174 0.9997 0.0174
chb17 0.9809 0.7995 0.9949 0.7954
chbl18 0.9621 0.2649 0.9938 0.2633
chb19 0.9814 0.7758 0.9967 0.7733
chb20 0.9910 0.6695 0.9997 0.6692
chb21 0.9886 0.7917 0.9957 0.7883
chb22 0.9938 0.9293 0.9975 0.9269
chb23 0.9884 0.8138 0.9962 0.8107
chb24 0.9904 0.6755 0.9994 0.6751
Average 0.9796 0.6189 0.9968 0.6168

epochs associated with epileptic seizure event and non-sei-
zure periods are observed as their corresponding wavelet-
based features are particularly steady among various epilep-
tic seizure events. Furthermore, the durations of epileptic
seizure events are sufficiently long. The average duration
of 4 epileptic seizure events is 69 s. On the contrary, the
characteristics of scalp EEG epochs associated with epi-
leptic seizure event and non-seizure periods relatively vary
from one epileptic seizure event to another in the case of
worst performance on epileptic seizure classification. The
durations of epileptic seizure events are also exceptionally
brief. The longest and shortest durations of epileptic sei-
zure events are 14 and 6 s, respectively. This leads to a very
small number of scalp EEG epochs associated with epilep-
tic seizure event applied to the classification.

When the tenfold cross-validation is applied, the per-
formance on patient-dependent epileptic seizure clas-
sification tends to decrease. In most cases, i.e., 19 cases

Al 0.9523 0.0439 0.9987 0.0438
A, 23 0.9554 0.1592 0.9960 0.1585
A Aa 0.9570 0.1714 0.9971 0.1709
At 25 0.9579 0.2011 0.9965 0.2004
A1, A6 0.9564 0.1631 0.9969 0.1625
S 0.9532 0.0764 0.9980 0.0763
S 0.9525 0.0586 0.9982 0.0585
A2, 23 0.9542 0.1050 0.9976 0.1047
A2, 24 0.9561 0.1531 0.9970 0.1527
42,5 0.9564 0.1626 0.9969 0.1621
A2, %6 0.9556 0.1410 0.9972 0.1406
A2, M7 0.9533 0.0766 0.9980 0.0764
A2, 28 0.9524 0.0505 0.9984 0.0504
23,74 0.9551 0.1266 0.9974 0.1262
23,5 0.9564 0.1587 0.9971 0.1582
23,26 0.9555 0.1327 0.9975 0.1324
3,07 0.9544 0.1028 0.9979 0.1025
23,78 0.9526 0.0593 0.9982 0.0592
e 0.9558 0.1389 0.9975 0.1385
s 0.9560 0.1437 0.9975 0.1433
e 0.9552 0.1278 0.9974 0.1275
24,78 0.9532 0.0912 0.9972 0.0909
25,2 0.9558 0.1384 0.9976 0.1380
As, 27 0.9552 0.1295 0.9974 0.1292
45,28 0.9553 0.1285 0.9975 0.1282
s 0.9543 0.1060 0.9976 0.1058
A6, A8 0.9539 0.0975 0.9976 0.0973
A7,78 0.9518 0.0259 0.9990 0.0258

out of 24, the performance on patient-dependent epilep-
tic seizure classification using tenfold cross-validations
is lower than those using the wavelet-based features of
scalp EEG epochs corresponding to the first epileptic
seizure event. This suggests that the wavelet-based fea-
tures of scalp EEG epochs obtained from a single event,
i.e., around the first epileptic seizure event, may not well
represent the whole classes due to the variation of char-
acteristics of scalp EEG epochs associated with epileptic
seizure event and non-seizure period from one epileptic
seizure event to another. The performance on patient-
independent epileptic seizure classification is relatively
low compared to the performance on patient-dependent
epileptic seizure classification. The variation of charac-
teristics of scalp EEG epochs associated with epileptic
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Table 12 Area under ROC
curve of patient-dependent
epileptic seizure classification

Case

Wavelet-based feature

Time-domain feature

A

Ja

3

24

A5

76

1

8

fi

f2

f

fi

f5

chb01
chb02
chb03
chb04
chb05
chb06
chb07
chb08
chb09
chb10
chbll
chb12
chb13
chbl4
chbl5
chbl6
chbl7
chbl18
chb19
chb20
chb21
chb22
chb23
chb24

0.882
0.609
0.866
0.840
0.816
0.636
0.934
0.691
0.981
0.849
0.742
0.660
0.521
0.785
0.708
0.709
0.792
0.774
0.808
0.839
0.797
0.848
0.938
0.751

0.904
0.435
0.881
0.894
0.851
0.677
0.939
0.708
0.989
0.885
0.826
0.682
0.500
0.640
0.826
0.794
0.839
0.791
0.822
0.834
0.953
0.905
0.930
0.798

0.823
0.547
0.889
0.923
0.902
0.707
0.968
0.813
0.991
0.954
0.920
0.713
0.585
0.773
0.889
0.883
0.883
0.829
0.821
0.841
0.979
0.978
0.927
0.815

0.868
0.640
0.893
0.950
0.945
0.749
0.971
0.874
0.993
0.986
0.969
0.741
0.672
0.917
0.907
0.871
0.945
0.872
0.844
0.850
0.963
0.991
0.957
0.818

0.880
0.737
0.901
0.972
0.926
0.720
0.942
0.915
0.989
0.983
0.978
0.646
0.793
0.947
0.895
0.799
0.940
0.892
0.854
0.727
0.954
0.990
0.978
0.802

0.861
0.743
0.858
0.944
0.872
0.705
0.928
0.936
0.957
0.967
0.978
0.583
0.871
0.938
0.801
0.728
0.923
0.890
0.814
0.712
0.872
0.984
0.974
0.802

0.823
0.666
0.815
0.864
0.814
0.728
0.905
0.882
0.887
0.825
0.949
0.558
0.783
0.888
0.686
0.669
0.842
0.853
0.753
0.694
0.877
0.939
0.963
0.800

0.800
0.609
0.805
0.793
0.821
0.704
0.867
0.880
0.861
0.815
0.914
0.556
0.681
0.783
0.682
0.737
0.777
0.818
0.768
0.724
0.835
0.904
0.934
0.809

0.893
0.611
0.880
0.891
0.907
0.719
0.984
0.889
0.977
0.913
0.897
0.711
0.584
0.725
0.834
0.830
0.808
0.846
0.798
0.855
0.981
0.948
0.940
0.795

0.921
0.602
0.885
0.900
0.918
0.754
0.988
0.887
0.986
0.932
0.893
0.717
0.594
0.766
0.872
0.833
0.847
0.838
0.801
0.866
0.983
0.971
0.937
0.800

0.876
0.605
0.874
0.921
0916
0.768
0.930
0912
0.983
0.976
0.978
0.646
0.847
0.884
0.856
0.804
0.918
0.867
0.859
0.813
0.956
0.989
0.978
0.807

0.874
0.613
0.872
0.915
0.917
0.762
0.926
0.910
0.983
0.975
0.978
0.644
0.844
0.881
0.853
0.799
0.915
0.868
0.859
0.813
0.953
0.989
0.977
0.808

0.874
0.593
0.861
0.904
0.907
0.775
0.957
0.882
0.987
0.974
0.955
0.650
0.733
0.876
0.856
0.758
0.904
0.836
0.852
0.812
0.960
0.954
0.959
0.803

seizure event and non-seizure period among cases or
subjects is the primary factor of decreasing classifica-
tion performance. The best performance on patient-inde-
pendent is achieved using the wavelet-based features 4
and As which correspond to the 64-128 and 4-8 Hz sub-

bands of scalp EEGs. The 64-128 Hz subband of EEGs is

@ Springer

associated with high-frequency oscillations, i.e., gamma
(30-80 Hz) and ripple (80-250 Hz) oscillations [23].
There is evidence that high-frequency oscillations, in par-
ticular, gamma and ripple oscillations, in scalp EEGs are
clinically correlated with the seizure onset zone [2, 23].
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Table A13 Best pcrform?.mcc. Subject Channel Feature Accuracy (Ac)  Sensitivity (Se)  Specificity (Sp)  Se x Sp
on patient-dependent epileptic
seizure classification using chbO1 FT9-FTI0  fi.fo.fs 0.9634 0.8923 0.9669 0.8628
time-domain features chb02 P7-01 ol 0.9679 0.7816 0.9770 0.7637
chb03 T7-FT9 f.fs 0.9298 0.7426 0.9374 0.6961
chb04 C4-P4 fi.fzfafs 09169 0.3870 0.9566 0.3702
chb05 P8-02 fi.fa 0.9600 0.9701 0.9593 0.9306
chb06 F8-T8 fi.fa 0.9939 0.4500 0.9995 0.4498
chb07 FP1-F3 frfs 0.9688 0.8170 0.9839 0.8039
chb08 FZ-CZ fi.5.04 0.9365 0.6946 0.9700 0.6738
chb09 C3-P3 Ji.fo.f3.fs 09855 0.9903 0.9852 0.9757
chbl10 F7-T7 f3oSa 0.9821 0.9100 0.9856 0.8969
chbll F7-T7 NEN/) 0.8466 0.3115 0.9954 0.3101
chbl2 C4-P4 fiofa 0.9512 0.4162 0.9806 0.4081
chb13 FZCZ fupfafs 09317 0.2601 0.9578 0.2491
chbl4 C4-P4 Bufafs 0.9876 0.4043 0.9961 0.4027
chbl5 T7-P7 f3.fs 0.8177 0.9579 0.8058 0.7718
chbl6 F4-C4 A 0.9943 0.0702 0.9996 0.0701
chb17 CZ-PZ Afs 0.9306 0.5779 0.9612 0.5555
chbl8 P8-02 S 0.9419 0.6367 0.9552 0.6082
chb19 P8-02 b 0.9639 0.7208 0.9818 0.7077
chb20 C3-P3 Pofs 0.9848 0.7052 0.9921 0.6996
chb21 CZ-PZ foufs 0.9804 0.7226 0.9895 0.7150
chb22 F3-C3 fi.fa 0.9761 0.8310 0.9843 0.8179
chb23 T7-P7 fi.fz.fafs  0.9683 0.8863 0.9714 0.8609
chb24 FZ-CZ fi.fs 0.9605 0.7873 0.9656 0.7602
Average 0.9517 0.6635 0.9691 0.6400
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Fig. 2 Comparison between the
wavelet-based features of scalp
EEG epochs associated with
non-seizure periods and those
associated with epileptic seizure
events of case chb09

Fig. 3 Comparison between the
wavelet-based features of scalp
EEG epochs associated with
non-seizure periods and those
associated with epileptic seizure
events of case chbl6
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Fig. 4 Comparison of the
wavelet-based features of SZ
and NS epochs of case chb09
corresponding to each epileptic
seizure event
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Fig. 5 Comparison of the 15+ 1
wavelet-based features of SZ
and NS epochs of case chb16
corresponding to each epileptic ~ 5 L=
seizure event

‘M

1
S
FHI—+
4
r HIHHHH

o
T

‘U‘!
‘07
‘\l
‘(0
-
(=]

U

1
i 2

Al
el

Foou
r HH--
o
r HIH--
FooHe
F -

2
N
YT
o
g
Hx

D]

- -
iaa]
(-
o
F -
e
Fo-—
K
F -
e
F -

HC
r b

3
N
)
——
i

©
——
P2

i

-
o
T 1

oo H
0
r ]

B

i
F H -
Hi
=+
b
F O — —-—
i
[
[ped

Ag
N
FYIIN
RN
e

.H+
HC
Al
e . . . M
o
- HH—-—-
Ey
F O
i
- —-——
ey
b -
el

ey
F—0C—
HI

/\6

— N
(4] o
0w
0+

Dy

+ 0+

By
PO
g
F+—0—+
LBy
F——.
I

-
e
i

T

20

I

)\4
EYSIR
B
P . r—{—-- r—{—a
Foo
H—O—  H—0—+ O e D (-

/\7
a
HIH

>
L T

10

T

}_{I}_4

i
-
%
F—0—+
1+
F -
H
F -
[
HI O s e -
HEH

20 -
o 15 X X
10+
5L, T 7

%

'
!
!
%
i
1
N

D
F— 00—
)¢
0 H— 00—+ H—I—
i e
1
B [t
0 00—
B o
W H—
Wi o
-lHIHI— H——a  ——.
!

! !

SZ NS SZ NS SZ NS SZ NS SZ NS SZ NS SZ NS Sz NS SZ NS SZ NS

5 Conclusions

The computational results suggest that the wavelet-based
features obtained from the logarithm of variance of detail
and approximation coefficients are a promising quantita-
tive feature for epileptic seizure classification. Accom-
panied with SVM, an excellent performance on patient-
dependent epileptic seizure classification can be achieved

@ Springer

class

using wavelet-based features of a single channel of scalp
EEG. Three key factors having an effect on the perfor-
mance of epileptic seizure classification are consistency
of features/patterns of epileptic seizure activity (epilepti-
form activity), duration of epileptic seizures, and amount
of training data. In cases whose characteristics of scalp
EEGs associated with epileptic seizure activity and non-
seizure period are consistent, only two wavelet-based
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features of a single channel of scalp EEGs are required to
achieve an excellent epileptic seizure classification. The
performance on epileptic seizure classification can, how-
ever, be further improved by refining relevant parameters.
This will be studied in future works. Also, the epileptic
seizure classification can be potentially applied for real-
time (online) epileptic seizure detection and monitoring
system.
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Abstract Classification of epileptic scalp EEGs are cer-
tainly ones of the most crucial tasks in diagnosis of epi-
lepsy. Rather than using multiple quantitative features, a
single quantitative feature of single-channel scalp EEG
is applied for classifying its corresponding state of the
brain, i.e., during seizure activity or non-seizure period.
The quantitative features proposed are wavelet-based fea-
tures obtained from the logarithm of variance of detail and
approximation coefficients of single-channel scalp EEG
signals. The performance on patient-dependent based epi-
leptic seizure classifications using single wavelet-based fea-
tures are examined on scalp EEG data of 12 children sub-
jects containing 79 seizures. The 4-fold cross validation is
applied to evaluate the performance on patient-dependent
based epileptic seizure classifications using single wavelet-
based features. From the computational results, it is shown
that the wavelet-based features can provide an outstanding
performance on patient-dependent based epileptic seizure
classification. The average accuracy, sensitivity, and speci-
ficity of patient-dependent based epileptic seizure classifi-
cation are, respectively, 93.24%, 83.34%, and 93.53%.

Keywords Electroencephalogram - Seizure -
Classification - Wavelet transform - Patient dependent

D4 Suparerk Janjarasjitt
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Introduction

Epilepsy, one of the most common neurological disorders,
remains a challenging topic to researchers in many aspects.
In epilepsy, the normal pattern of neuron activity is dis-
turbed, and sometimes clusters of neurons in the brain sig-
nal abnormally [1]. Epilepsy is characterized by recurrent
seizures that are physical reactions to sudden, usually brief,
excessive electrical discharges in clusters of nerve cells [2].
There are many possible causes for seizures ranging from
illness to brain damage to abnormal brain development [1].
Approximately 50 million people worldwide have epilepsy
and most of the people with epilepsy live in low- and mid-
dle-income countries [2]. In Thailand, there are between
380,000 and 470,000 people estimated to have epilepsy [3].

EEGs that quantify electrical activity of the brain are the
most fundamental diagnostic test for epilepsy. Typically,
EEGs are recorded using electrodes placed on the scalp.
Scalp EEGs have several advantages including simplicity,
non-invasiveness and also inexpensiveness. Scalp EEGs are
however very sensitive to artifacts and have a poor spatial
resolution. Intracranial EEGs are an alternative approach to
measure the electrical activity of the brain by placing elec-
trodes on the cortex. As intracranial EEGs provide better
temporal and spatial characteristics of electrical activity of
the brain compared to scalp EEGs, intracranial EEGs are
more suitable for comprehensive diagnosis of epilepsy.
Therefore, intracranial EEGs are used in most of studies,
in particular, epileptic seizure classification and detection
which are one of the most crucial tasks in diagnosis of
epilepsy.

In epileptic seizure classification, corresponding states
of the brain epochs of EEGs associated with, namely, ictal
state (during epileptic seizure activity), and pre-ictal and
post-ictal states (during non-seizure periods), are identified
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based on specific features and patterns of EEGs such as
monomorphic waveforms, polymorphic waveforms, spike
and sharp wave complexes, or periods of reduced elec-
trocerebral activity [4-6]. A variety of quantitative features
extracted from either scalp EEGs or intracranial EEGs have
been shown to be useful for epileptic seizure classification
and detection. A wide range of success on epileptic seizure
classification and detection has been reported. The superior
performance on epileptic seizure classification and detec-
tion using intracranial EEGs can in general be obtained.

In particular, the quantitative features applied for epi-
leptic seizure classification and detection using scalp
EEGs can be classified into a number of categories. Vari-
ous time-domain features [7—10] such as line length, zero
crossing, RMS, higher order moments, entropies, and
Hjorth parameters are fundamental and simple quantitative
features applied for epileptic seizure classification. Energy
based features [4, 8-14] derived from Fourier transform
and wavelet transforms are the most common quantitative
features applied for various applications of EEG analy-
sis including epileptic seizure classification and detection.
Quantitative features derived from nonlinear methods
[9] including Lyapunov exponents are novel quantita-
tive features applied to epileptic seizure classification and
detection.

Furthermore, a number of computational techniques and
tools have beeen applied for classifying quantitative fea-
tures of scalp EEGs into classes corresponding to physi-
ological states, basically, seizure and non-seizure periods.
Such computational techniques and tools ranging from
simplest techniques such as thresholding to complex and
advanced approaches based on concepts of computational
intelligence, artificial neural networks, and machine learn-
ing. Support vector machines (SVMs) are one of the most
common classifiers applied for epileptic seizure classifica-
tion and detection [4, 8, 10, 12—15]. Evolutionary neural
networks is another approach recently applied for epileptic
seizure classification and detection [9].

In this study, wavelet-based features of scalp EEGs
of children subjects with epilepsy are applied for patient-
dependent based epileptic seizure classification. The wave-
let-based features used are computationally relevant to
the power spectral density (PSD) [16]. The wavelet-based
approach however allows an unbiased estimate [16]. It is
focused on assessing the performance of epileptic seizure
classification using only single quantitative feature of sin-
gle-channel scalp EEG rather than using multiple and com-
plex quantitative features of single or multiple channels of
scalp EEGs. Accordingly, as opposed to complicated clas-
sifiers, a simple thresholding technique can be applied to
classify scalp EEGs into their corresponding states. The
performance of three schemes of epileptic scalp EEG clas-
sifications using wavelet-based features is examined.

@ Springer

Materials and methods
EEG data and subjects

Scalp EEG data of twelve children subjects (3 males and 9
females) with intractable seizures examined in this study
were obtained from the CHB-MIT Scalp EEG Database
(available online at http://www.physionet.org/pn6/chb-
mit/). The database was collected at the Children’s Hos-
pital Boston [17] and originally studied in Refs. [4, 12].
All subjects were monitored for up to several days fol-
lowing withdrawal of anti-seizure medication in order to
characterize their seizures and assess their candidacy for
surgical intervention [17]. All protected health informa-
tion (PHI) in the original recordings was replaced with
surrogate information in order to protect the privacy of
the subjects [17].

The subjects are referred to as chbOl, chb02, chb05,
chb08, chb09, chb10, chbl3, chbl4, chb16, chb20, chb22
and chb23, and age between 2 and 11 years old. A cho-
sen single channel of scalp EEG signals is examined for
each subject. The scalp EEG signals were acquired using
a sampling rate of 256 Hz with 16-bit resolution [17]. The
international 10-20 system of EEG electrode positions and
nomenclature was used for the recordings [17]. There are a
total of 79 epileptic seizure events. Segments of scalp EEG
signals around epileptic seizure events (12 min before sei-
zure onset and 12 min after seizure offset, unless limited
by the beginning and the end of recording) are used in this
study.

The scalp EEG segments are divided into epochs with
length of 512 samples (2 s) and with 50% overlap. Scalp
EEG epochs associated with epileptic seizure event are cat-
egorized as an SZ class while scalp EEG epochs associated
with pre-ictal and post-ictal states are categorized as Pr and
Po classes. The description of all twelve subjects and the
number of SZ, Pr and Po epochs for each subject are sum-
marized in Table 1.

Discrete wavelet transform

The discrete wavelet transform (DWT) is certainly one of
the most powerful and widely used signal processing tech-
niques. The DWT is a representation of a signal using a
countably-infinite set of wavelets that constitutes an ortho-
normal basis [18]. The wavelet transform can be interpreted
as a generalized filter bank [19] and also in the context of
multiresolution analysis (MRA) [20]. The MRA generally
consists of a sequence of successive approximation spaces
[21]. Furthermore, the multiresolution analysis leads to a
hierachical scheme for the computation of the wavelet coef-
ficients of a given function [21].
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Table 1 Description of subjects and scalp EEG data

Subject Age Channel No. of EEG epochs
(year) Pr Sz Po

chbO1 11 FT9-FT10 4633 421 4517
chb02 11 FP2-F4 1564 163 1484
chb05 7 P4-02 3287 543 3595
chb08 35 F4-C4 3590 904 3185
chb09 10 F4-C4 2872 264 2494
chb10 3 T7-FT9 5026 426 4566
chbl3 3 F7-T7 7504 499 8106
chbl4 9 C4-P4 5744 145 5372
chbl6 7 F8-T8 6594 54 6771
chb20 6 F8-T8 4788 270 5752
chb22 9 F3-C3 2154 195 1277
chb23 6 F7-T7 4631 403 5033

A signal x[n] is decomposed into approximations and
details using scaling functions ¢ and wavelet functions y
that, respectively, correspond to halfband lowpass filter and
halfband highpass filter. This can be expressed as

xlnl =Y gk, [n]

k

1

= Y alkigyulnl + Y di[Kly iln] @
k k
where the scaling function ¢, ;[n] and the wavelet func-
tion y; ;[n] are, respectively, an orthonormal basis for the
space V; and the orthogonal complement of V,, denoted by
W,, and the space V,, = V| @ W,. The approximation coeffi-
cients a,[n] and the detail coefficients d,[n] can be obtained
by

a\ln) =Y aylklhlk - 2n) @

k
d[n) =Y alklglk — 2n) 3)
k

where h[n] and g[n] are, respectively, the impulse response
of halfband lowpass filter and halfband highpass filter.

For a single-level discrete wavelet decomposition at
level 1, the approximation coefficients a,[n] can be obtained
by convolving the approximation coefficients a,_;[n] with
the time-reversed filter of A[n], i.e., h[n], followed by the
downsampling and, similarly, the detail coefficients d;[n]
can be obtained by convolving the approximation coef-
ficients a;_,[n] with the time-reversed filter of g[n], i.e.,
g[n], followed by the downsampling. Therefore, there are
L detail coefficients, i.e., d|,d,, .-, d;, and one approxima-
tion coefficients, i.e., a;, obtained from the L-level discrete
wavelet decomposition.

Wavelet-based features and data analysis

Quantitative features examined in this study are obtained
from the detail coefficients dj[n] and the approximation
coefficients a;[n]. The proposed wavelet-based features
4; are the logarithm of variance of detail coefficients and
approximation coefficients. The wavelet-based features
obtained from the detail coefficients d, are denoted by 4,
where k =1 and the wavelet-based feature obtained from
the approximation coefficients a; is denoted by 4, ;. There-
fore, the wavelet-based features are given by

A =log, (var(d,)), where k = {/|/=1,2,...,L}and
4)

Aper = log, (var(ay)). 5)

Scalp EEG epochs are decomposed into five levels, that
yield five detail coefficients d,, d,, ds, dy, and d5 and one
approximation coefficients as, using the 6th order Daube-
chies wavelets. The Daubechies wavelet family is one of the
most commonly used wavelet families which hass several
nice characteristics including orthogonality and finite com-
pact support. A higher order Daubechies wavelets corre-
sponds to higher regularity and also a number of vanishing
moments. Furthermore, the five levels of wavelet decompo-
sition is the maximum number of levels of wavelet decom-
position of scalp EEG epochs with length of 512 samples
(2 s) using the 6th order Daubechies wavelets. The coeffi-
cients d,, d, ds, dy, ds, and a5 approximately correspond to
64-128, 32-64, 16-32, 8-16, 4-8, and 0—4-Hz subbands,
respectively, which coincide with conventional EEG bands,
namely, y, f, a, 0, and 8. The frequency responses of the
6th order Daubechies wavelets corresponding to the coef-
ficients d,, d,, ds, d,, ds, and a5 are shown in Fig. 1.

1 3994 d3 d2 d1

0.75

0.5

Frequency response

0.25

0 20 40 60 80 100 120
Frequency (Hz)

Fig. 1 The corresponding spectral subbands of the 6th order Daube-
chies wavelets
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EEG classification and validation

A single feature 4, is applied to classify corresponding
scalp EEG epochs into one of classes, i.e., SZ, Pr, Po,
and NS (non-seizure period) classes using a thresholding
technique. Three classifications performed in this study
include (1) classification between scalp EEG epochs
associated with the SZ class and those associated with
the Pr class; (2) classification between scalp EEG epochs
associated with the SZ class and those associated with
the Po class; and (3) classification between scalp EEG
epochs associated with the SZ class and those associated
with the Pr or Po classes (NS class).

The classification is performed by a subject-by-sub-
ject basis. The scalp EEG epochs obtained from within
the same subject are applied for each classification.
Performance of epileptic seizure classification is evalu-
ated using three conventional classification performance
measures: accuracy, sensitivity, and specificity. The accu-
racy (Ac), the sensitivity (Se), and the specificity (Sp) are
given, respecitvely, by

hee TP+
TP+ TN + FP + FN
TP

Se=—2 _ and

‘TTPrn "

oo TN
TN + FP

where TP, TN, FP, and FN denote a number of true posi-
tives, a number of true negatives, a number of false posi-
tives, and a number of false negatives, respectively. In
addition, the product of sensitivity and specificity is also
determined as a performance measure that justifies both the
true positive rate and the true negative rate.

The 4-fold cross validation is used to validate the per-
formance of classifications. For each subject, the set of
wavelet-based features of scalp EEG epochs associated
with various classes are divided into four subsets. Three
subsets of wavelet-based features are used to as a training
set while another subset of wavelet-based features is used
to as a testing set. A threshold 7 is determined from the
training set of wavelet-based features corresponding to
both positive and negative classes, respectively, denoted
by Z, and Zy as follows:

max Zp+min Zy

T= { minz,,fmam
2

where Z,, and Z, are, respectively, the means of wavelet-

based features corresponding to positive and negative

classes. The positive class refers to the SZ class and the
negative class refers to either the Pr, Po, or NS class.

if Zp < Zy

it Zp > 2y ©®
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The classification is simply performed using a thresh-
olding technique with the following rules of logical
comparison. In the first case, i.e., Zp < Zy, a scalp EEG
epochs of testing set is classified to belong to a positive
class if the corresponding wavelet-based feature 4, is less
than or equal to the threshold; and a negative class, oth-
erwise. On the contrary, in another case, Z, > Zy, a scalp
EEG epochs of testing sets is classified to belong to a
positive class if the corresponding wavelet-based feature
Ay is greater than or equal to the threshold; and a nega-
tive class, otherwise. The cross validation is repeated 4
times with each of the four subsets of wavelet-based fea-
tures is used once as the testing set. The performance
of 4-fold cross validation is determined from all four
classifications.

Results
Characteristics of wavelet-based features

The wavelet-based features, i.e., A, 45, 43, 44, 45 and Ag,
of scalp EEG epochs associated with the SZ, Pr and Po
classes of subjects chbOl, chb02, chb05, chb08, chb09,
chbl10, chbl3, chbl4, chbl6, chb20, chb22, and chb23
are compared in box plots shown in Fig. 2a-1. A variety
of charateristics of wavelet-based features of scalp EEG
epochs are observed. It is shown that the wavelet-based
features vary corresponding to subjects, classes, and even
levels of wavelet decomposition. In most of cases, the
wavelet-based features 4, of scalp EEG epochs associated
with the SZ class tend to be greater than those of scalp
EEG epochs associated with the Pr and Po classes. In
addition, means and standard deviations of wavelet-based
features of scalp EEG epochs associated with any class of
all subjects are summarized in Table 2.

For comparative purposes, the one-way analysis of
variance (ANOVA) is performed to assess differences
in the wavelet-based features of scalp EEG epochs asso-
ciated with various classes, i.e., SZ, Pr, and Po classes.
The p-values and the F-statistic (shown in parentheses)
yielded from the ANOVA are summarized in Table 3.
In general, it is shown that probabilities of the identical
means of wavelet-based features of scalp EEG epochs
associated with various classes are very low, except for
the wavelet-based features 4, of scalp EEG epochs of the
subject chbl3, and the wavelet-based features A, and A4
of scalp EEG epochs of the subject chbl6. This therefore
suggests that there are significant differences among the
wavelet-based features of scalp EEG epochs associated
with SZ, Pr, and Po classes in most cases.
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Fig. 2 Comparison between the wavelet-based features of scalp EEG epochs associated with the SZ, Pr and Po classes
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Table 2 Statistical values (Mean+S.D.) of wavelet-based features of scalp EEG epochs

Subject Class Feature
A A A Ay As Ag
chb01 Sz 6.6287 8.4568 10.9442 13.4406 16.1876 18.9825
+1.9952 +1.3919 +0.8740 +1.0615 +0.9209 +1.0896
Pr 2.5195 5.0179 8.3729 10.2162 12.0625 14.4906
+0.8310 +0.6443 +0.6299 +0.9968 +1.2072 +1.6421
Po 3.4485 5.6258 8.5076 9.6827 12.2851 15.2157
+1.5918 +1.3538 +1.1643 +0.8727 +0.9218 +1.5378
chb02 SZ 7.5183 10.4664 12.4426 13.8604 15.6579 17.8267
+2.5635 +3.1395 +3.0063 +2.0935 +1.4272 +1.4808
Pr 6.5488 8.4669 9.8869 11.1460 12.9414 15.8717
+2.5090 +2.0734 +1.7713 +1.5153 +1.8095 +4.8464
Po 4.4578 6.6188 8.4059 10.0235 12.2254 16.0619
+2.6892 +2.6555 +2.4001 +2.1643 +2.1518 +2.6234
chb05 Sz 7.4822 10.3704 13.7127 16.1397 17.6216 18.6036
+1.5232 +1.5979 +1.7393 +1.7906 +1.5899 +1.5878
Pr 4.4955 6.0566 8.2006 10.5811 13.5692 15.3415
+1.7468 +1.9404 +1.3950 +0.9618 +1.1351 +1.2584
Po 3.8382 4.8550 7.2079 10.1620 13.4400 16.1543
+1.8498 +1.9213 +1.5165 +0.9982 +1.1931 +1.3207
chb08 Sz 5.1461 8.0370 9.8464 11.4802 14.5328 18.1211
+2.5616 +2.4900 +2.1613 +1.4573 +1.3318 +1.5930
Pr 5.0728 8.1933 9.8271 10.3745 11.5928 14.0999
+1.7320 +1.8753 +1.6315 +1.0427 +0.9133 +1.3089
Po 3.6598 6.6884 8.7140 10.3888 12.5549 15.0254
+4.1051 +3.4106 +2.8057 +2.1327 +1.4987 +1.4438
chb09 Sz 8.5817 10.8286 14.2112 16.9356 18.4499 19.0741
+1.5432 +1.3744 +1.7586 +1.6716 +1.3911 +7.5684
Pr 3.2773 6.7227 10.2232 12.0630 13.6581 14.6536
+2.5508 +1.1438 +0.9907 +0.6813 +1.2994 +1.6843
Po 1.2433 4.1909 7.8570 10.3876 13.4543 17.8999
+2.2626 +1.4220 +1.0153 +1.0744 +1.5118 +1.8689
chbl0 Sz 7.6707 10.2179 13.1721 15.6550 17.5727 17.3363
+3.2603 +2.4969 +2.0693 +2.0022 +2.2325 +8.3229
Pr 4.7488 7.2206 8.5943 9.6048 12.4542 15.4374
+2.4495 +2.3524 +2.1326 +1.8392 +1.4837 +1.4495
Po 4.5996 6.6639 8.3200 9.4948 11.9262 15.7294
+4.1748 +4.0700 +3.4590 +2.9585 +2.5411 +2.2504
chbl3 Sz 3.8395 6.6823 8.8202 10.7626 13.7026 17.2294
+3.9457 +3.1561 +2.2190 +1.3935 +1.4292 +1.4242
Pr 3.8632 6.6297 8.5787 10.3618 12.7589 14.7254
+3.5257 +3.0752 +2.3645 +1.4723 +1.4141 +2.4477
Po 3.5740 6.4785 8.4499 10.4186 12.9909 15.2597
+3.3259 +2.7703 +2.0833 +1.3236 +1.4111 +1.5976
chbl4 SZ 1.4103 5.4052 7.1245 8.4113 9.2893 12.4497
+0.9324 +0.8706 +0.9527 +1.4289 +1.6622 +2.1553
Pr -0.1081 4.1840 7.6330 10.7932 13.2712 15.9291
+1.3834 +0.8909 +1.0076 +1.1977 +1.2022 +1.1348
Po 0.0721 4.2333 7.6250 10.8245 13.3803 15.9608
+1.5816 +0.9645 +0.9498 +1.1625 +1.1167 +1.0589
chbl6 Sz 7.6381 10.2524 12.0917 12.4086 12.8099 15.6339
+1.9693 +1.4677 +1.0787 +1.2311 +1.2756 +1.6457
Pr 6.5017 9.0354 10.0736 10.1094 11.8267 15.1486
+2.8348 +1.8989 +1.4435 +1.3242 +1.7293 +2.9055
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Table 2 (continued)
Subject Class Feature
A A A Ay As s
Po 6.4623 8.9670 9.9779 10.0265 11.6523 15.0727
+2.8486 +1.9430 +1.4698 +1.3488 +1.7038 +2.0498
chb20 Sz 8.5072 9.9786 11.3826 11.9010 12.5947 15.7773
+1.8207 +1.4231 +1.1572 +1.2846 +1.3902 +1.6482
Pr 0.4535 4.8787 7.7156 9.4214 11.3773 13.9828
+0.8160 +0.7171 +0.6819 +0.8185 +0.9555 +1.2480
Po 1.3325 5.1767 7.7903 9.4593 11.3899 13.9077
+1.9545 +1.2828 +0.8855 +0.8129 +0.8866 +1.1633
chb22 Sz 7.5442 9.0416 10.6315 12.8188 15.4922 17.3781
+2.5117 +1.8639 +0.9496 +0.7455 +0.9696 +1.0162
Pr 4.1816 6.5538 82137 9.5921 11.0114 13.3812
+2.3785 +1.7431 +1.2103 +0.7063 +0.8402 +1.5822
Po 4.2253 6.6122 8.3653 9.7752 11.8681 14.4637
+3.7632 +2.7824 +1.9898 +0.9327 +0.9552 +1.3435
chb23 Sz 11.0134 12.2340 12.8540 12.6699 14.4533 17.7460
+1.7954 +1.5732 +1.3631 +1.0328 +0.8681 +1.1313
Pr 6.3472 8.8818 10.2033 10.5132 11.6496 14.7702
+2.3357 +1.8823 +1.5718 +1.0520 +1.1174 +1.5334
Po 5.1976 7.6905 9.0974 9.8769 11.3606 14.5662
+2.7825 +2.2764 +1.7954 +1.0073 +1.0075 +1.4255
Table 3 Re.sults of one-way Subject Feature
ANOVA using the wavelet-
based features A Ay Ay Ay As g
chb01 0 0 0 0 0 0
(2151.83) (2089.45) (1482.91) (3116.24) (2886.07) (1633.33)
chb02 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001
(292.12) (333.18) (358.26) (371.38) (240.16) (19.14)
chb05 0 0 0 0 0 0
(995.05) (2028.19) (4552.60) (7592.90) (2967.20) (1499.17)
chb08 < 0.0001 < 0.0001 < 0.0001 < 0.0001 0 0
(207.51) (282.31) (229.87) (182.17) (2123.19) (2978.87)
chb09 0 0 0 0 0 0
(1343.46) (4708.45) (6337.20) (6689.72) (1537.83) (1428.09)
chb10 < 0.0001 < 0.0001 < 0.0001 0 0 < 0.0001
(161.78) (238.97) (579.79) (1293.33) (1452.77) (116.41)
chbl3 < 0.0001 0.0034 < 0.0001 < 0.0001 < 0.0001 < 0.0001
(14.09) (5.68) (11.20) (20.29) (134.57) (424.05)
chbl4 < 0.0001 < 0.0001 < 0.0001 < 0.0001 0 < 0.0001
(87.88) (123.49) (19.08) (294.14) (863.91) (699.64)
chbl6 0.0084 < 0.0001 < 0.0001 < 0.0001 < 0.0001 0.0667
(4.78) (13.55) (61.42) (88.97) 27.77) .71
chb20 0 0 0 0 < 0.0001 < 0.0001
(3551.56) (2881.03) (2647.23) (1157.04) (221.72) (305.09)
chb22 < 0.0001 < 0.0001 < 0.0001 0 0 < 0.0001
(119.00) (119.20) (226.38) (1476.23) (2391.63) (762.51)
chb23 0 0 0 0 0 0
(1068.48) (1102.86) (1235.99) (1591.51) (1608.61) (878.46)
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Table 4 The product of

i o Subject Class. Feature
sensitivity and specificity of
epileptic seizure classification A Ay Ay n As Ag
using the wavelet-based features
chbO1 SZ-NS 72.55 49.63 53.02 90.16 94.08 60.58
SZ-Pr 85.30 82.91 86.21 86.70 93.15 79.78
SZ-Po 69.28 44.29 50.86 9251 94.68 60.18
chb02 SZ-NS 38.31 44.84 4735 4331 59.58 40.06
SZ-Pr 31.85 43.96 48.77 43.68 63.46 46.92
SZ-Po 47.98 47.28 47.37 41.64 59.35 31.36
chb05 SZ-NS 43.91 76.31 89.70 93.89 51.64 68.79
SZ-Pr 46.57 80.86 89.96 91.57 54.50 76.95
SZ-Po 42.21 75.21 89.28 93.64 43.60 63.03
chb08 SZ-NS 15.58 24.20 2591 25.88 51.94 76.07
SZ-Pr 24.65 25.89 2435 44.08 79.55 81.06
SZ-Po 15.19 26.65 29.06 23.23 48.52 71.13
chb09 SZ-NS 86.37 89.14 87.63 63.84 63.77 58.00
SZ-Pr 81.39 85.58 81.35 43.05 42.16 67.59
SZ-Po 91.32 92.67 95.26 79.34 66.40 33.74
chb10 SZ-NS 43.95 43.03 56.65 84.47 43.85 47.72
SZ-Pr 43.78 33.31 48.58 85.76 29.96 41.52
SZ-Po 4353 47.91 58.08 82.78 57.63 47.98
chbl3 SZ-NS 25.63 2523 21.19 14.63 24.07 35.67
SZ-Pr 25.14 18.18 20.12 13.91 24.70 36.73
SZ-Po 26.34 26.57 24.80 25.51 27.73 39.94
chbl4 SZ-NS 1.33 0.00 37.82 64.76 86.62 76.10
SZ-Pr 1.99 16.18 38.68 65.54 85.49 75.57
SZ-Po 1.31 0.00 37.82 64.61 87.83 76.51
chb16 SZ-NS 39.02 27.76 12.67 57.42 8.47 26.94
SZ-Pr 33.95 29.12 10.92 59.15 8.42 27.48
SZ-Po 33.89 36.00 19.68 60.73 16.37 3048
chb20 SZ-NS 87.17 60.48 48.91 68.92 57.21 56.69
SZ-Pr 91.82 62.44 53.58 69.29 57.61 54.85
SZ-Po 85.77 62.23 48.69 72.83 47.17 59.83
chb22 SZ-NS 59.85 51.84 3574 91.48 93.19 5471
SZ-Pr 61.56 61.36 73.36 92.64 95.59 58.75
SZ-Po 53.64 44.92 31.98 89.93 92.30 59.76
chb23 SZ-NS 79.30 73.61 64.48 51.98 55.13 63.35
SZ-Pr 78.63 71.67 63.15 51.42 55.68 62.89
SZ-Po 81.60 71.76 70.83 56.86 73.79 75.72

The best performance for each classification is individually written in bold

Performance of epileptic scalp EEG classifications

The products of sensitivity and specificity obtained from
the scalp EEG classifications using the wavelet-based
features, i.e., 4, 4, 43, 44, A5, and A4, are summarized in
Table 4. The best performance for each classification is
individually written in bold. The wavelet-based features
Ay, Ay, Ags As, and Ag are the quantitative features that pro-
vide the best classification performance in terms of prod-
uct of sensitivity and specificity. The products of sensitivity
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and specificity of the classification between scalp EEG
epochs associated with SZ and NS classes, the classifica-
tion between scalp EEG epochs associated with SZ and Pr
classes, and the classification between scalp EEG epochs
associated with SZ and Po classes range between 35.67%
and 94.08%, between 36.73% and 93.19%, and between
39.94% and 94.68%. The best products of sensitivity
and specificity for the classification between scalp EEG
epochs associated with SZ and NS classes, the classifica-
tion between scalp EEG epochs associated with SZ and Pr
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Table 5 The best individual Subject  Class.  Featre  Accuracy (Ac)  Sensitivity (Se)  Specificity (Sp)  Sex Sp
performance on epileptic
seizure classification chb01 SZ-NS s 97.28 96.67 9731 94.08
SZ-Pr s 96.18 96.91 96.11 93.15
SZ-Po s 97.63 96.91 97.70 94.68
chb02 SZ-NS s 88.72 66.26 89.92 59.58
SZ-Pr s 86.84 71.78 88.41 63.46
SZ-Po s 86.58 66.87 88.75 59.35
chb05 SZNS A, 96.30 97.61 96.19 93.89
SZ-Pr Ay 95.25 96.32 95.07 91.57
SZ-Po Ay 95.89 97.97 95.58 93.64
chb08 SZ-NS g 88.29 85.84 88.62 76.07
SZ-Pr Iy 90.83 88.72 91.36 81.06
SZ-Po » 83.52 85.84 82.86 7113
chb09 SZNS 4, 94.17 94.68 94.15 89.14
SZ-Pr A 90.75 94.68 90.39 85.58
SZ-Po I 96.30 99.24 95.99 95.26
chb10 SZ-NS A, 86.41 98.35 85.88 84.47
SZ-Pr Ay 87.89 98.58 86.99 85.76
SZ-Po Ay 85.21 98.58 83.97 82.78
chb13 SZ-NS g 91.48 38.28 93.18 35.67
SZ-Pr e 91.46 38.68 94.97 36.73
SZ-Po p 86.78 44.69 89.37 39.94
chb14 SZ-NS A5 95.10 91.03 95.15 86.62
SZ-Pr s 93.84 91.03 93.91 85.49
SZ-Po s 95.65 91.72 95.76 87.83
chbl16 SZNS A, 93.82 61.11 93.95 57.42
SZ-Pr Ay 93.70 62.96 93.95 59.15
SZ-Po Ay 93.47 64.81 93.69 60.73
chb20 SZNS 4 97.45 89.26 97.66 87.17
SZ-Pr A 99.17 9222 99.56 91.82
SZ-Po A 95.78 89.26 96.09 85.77
chb22 SZ-NS s 99.01 93.85 99.30 93.19
SZ-Pr s 99.36 95.90 99.68 95.59
SZ-Po s 97.76 93.85 98.36 92.30
chb23 SZ-NS 4, 90.89 87.10 91.05 79.30
SZ-Pr A 90.03 87.10 90.28 78.63
SZ-Po A 90.77 89.83 90.84 81.60
Average  SZ-NS 93.24 83.34 93.53 78.05
SZ-Pr 92.94 84.57 93.39 79.00
SZ-Po 92.11 84.97 92.41 78.75

classes, and the classification between scalp EEG epochs
associated with SZ and Po classes are 94.08% (chbOl),
95.59% (chb22), and 94.68% (chb01), respectively.

The accuracy, the sensitivity, and the specificity cor-
responding to the best classification performances in
terms of products of sensitivity and specificity shown
in Table 4 are further shown in Table 5. The accuracies
of the classification between scalp EEG epochs associ-
ated with SZ and NS classes, the classification between
scalp EEG epochs associated with SZ and Pr classes,

and the classification between scalp EEG epochs asso-
ciated with SZ and Po classes range between 86.41%
and 99.21%, between 86.84% and 99.36%, and between
83.52% and 97.76%. The sensitivities of the classifica-
tion between scalp EEG epochs associated with SZ and
NS classes, the classification between scalp EEG epochs
associated with SZ and Pr classes, and the classifica-
tion between scalp EEG epochs associated with SZ and
Po classes range between 38.28% and 98.35%, between
38.68% and 98.58%, and between 44.69% and 99.24%.
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The specificities of the classification between scalp EEG
epochs associated with SZ and NS classes, the classifi-
cation between scalp EEG epochs associated with SZ
and Pr classes, and the classification between scalp EEG
epochs associated with SZ and Po classes range between
35.67% and 94.08%, between 36.73% and 95.59%, and
between 39.94% and 95.26%.

Discussion

The wavelet-based features A5 and A, are the two quantita-
tive features that provide the best performance of epilep-
tic seizure classification in terms of the product of sensi-
tivity and specificity in most subjects. The wavelet-based
features A5 and A, correspond to the 6 (4-8-Hz spectral
subband) and a (8-16-Hz spectral subband) bands. The
feature A; corresponding to the f (16-32-Hz spectral sub-
band) band is the only wavelet-based feature that does not
provide the best performance of epileptic seizure classifi-
cation. The best performance on classification between
scalp EEG epochs associated with epileptic seizure event
and those associated with pre-ictal state is obtained in the
subject chb22 with the product of sensitivity and specificity
of 95.59%. The best performance on classification between
scalp EEG epochs associated with epileptic seizure event
and those associated with post-ictal state is obtained in the
subject chb09 with the product of sensitivity and specificity
of 95.26%. The best performance on classification between
scalp EEG epochs associated with epileptic seizure event
and those associated with non-seizure period is obtained in
the subject chb01 with the product of sensitivity and speci-
ficity of 94.08%.

The average accuracy and specificity of all three clas-
sifications are higher than 90%. In general, the accuracy
of epileptic seizure classifications correlates with the cor-
responding specificity because the number of scalp EEG
epochs associated with non-seizure period, i.e., pre-ictal
or post-ictal states, dominates the number of scalp EEG
epochs associated with epileptic seizure event. The average
sensitivity of all three classifications are higher than 80%.
Interestingly, the average performance on epileptic seizure
classifications between scalp EEG epochs associated with
epileptic seizure event and those associated with pre-ictal
state is comparable to the average performance on epileptic
seizure classifications between scalp EEG epochs associ-
ated with epileptic seizure event and those associated with
post-ictal state. However, there are some significant differ-
ences between those two classifications in some subjects.

To provide some general picture on the performance
on epileptic seizure classifications obtained using single
wavelet-based features of scalp EEGs, the performances
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on epileptic seizure classifications and detections examined
using the same source of epileptic scalp EEG data, i.e., the
CHB-MIT Scalp EEG Database, are summarized as fol-
lows. The sensitivity of epileptic seizure classification and
detection reported in literature ranges between 95.2% and
71.3% (95.2% [13], 94.91% [8], 87.3% [11], 71.32% [7])
while the specificity of epileptic seizure classification and
detection was reported to be higher than 93% [9] and 79.7%
[7]. In addition, the false detection rate ranges between 0.11
and 1.53 per hour (0.11 per hour [10], 0.59 per hour [13],
0.83 per hour [12, 14], 1.52 per hour [15], 1.53 per hour
[8]). The latency of seizure detection ranges between 3 and
9.3 s (3 [12, 14], 6.43 [13], 7.8 [10], 9.3 [15]). However,
it needs to be remarked that the experimental setups vary
from study to study.

Conclusions

In this study, the logarithm of variance of detail and
approximation coefficients of epochs of single-channel
scalp EEGs are used as quantitative features for patient-
dependent based epileptic seizure classification. The
performance on patient-dependent based epileptic sei-
zure classification using single wavelet-based features in
a group of children subjects with age ranging between
2 and 11 years old are examined. Rather than aiming to
achieve the best classification performance using com-
putationally complicated algorithms as other studies,
this study aims to provide a baseline of performance on
patient-dependent based epileptic seizure classification,
in particular, using single wavelet-based feature of sin-
gle-channel scalp EEGs with the thresholding technique.
The computational results evaluated using 4-fold cross
validations show that an excellent performance on epi-
leptic seizure classification can be obtained using only a
single wavelet-based feature 4, in a number of subjects.
Such promising results suggest that a single wavelet-
based feature 4, of single-channel scalp EEGs can be fur-
ther applied for epileptic seizure detection.
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