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Many researches have extensively worked on ECG classification since the ECG plays a
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conventional backpropagation and weightless neural networks to classify six types and twelve
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2.4.1 yilavesnaulvihsileiilugiudioyaves MIT-BIH Arrhythmia Database

1. Beat annotations:

Code Description

N

L

Normal beat (displayed as "-" by the Chart-O-Matic, pschart, and psfd)

Left bundle branch block beat

Right bundle branch block beat

Bundle branch block beat (unspecified)
Atrial premature beat

Aberrated atrial premature beat

Nodal (junctional) premature beat

Supraventricular premature or ectopic beat (atrial or nodal)

Premature ventricular contraction

R-on-T premature ventricular contraction
Fusion of ventricular and normal beat

Atrial escape beat

Nodal (junctional) escape beat
Supraventricular escape beat (atrial or nodal)
Ventricular escape beat

Paced beat

Fusion of paced and normal beat
Unclassifiable beat

Beat not classified during learning



2. Non-beat annotations:
Code

|

19

Description

Start of ventricular flutter/fibrillation
Ventricular flutter wave

End of ventricular flutter/fibrillation
Non-conducted P-wave (blocked APC)
Waveform onset

Waveform end

Peak of P-wave

Peak of T-wave

Peak of U-wave

PQ junction

J-point

(Non-captured) pacemaker artifact
Isolated QRS-like artifact

Change in signal quality

Rhythm change

ST segment change

T-wave change

Systole

Diastole

Measurement annotation

Comment annotation

Link to external data



20
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2. Left bundle branch block beat (LBBB)
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LEBS Beal In Record No,109 8 LBE8 Beat in RecordNo. 111 o8 LBB8 Beat in Record No 207
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31 2.20 Left Bundle Branch Block beat (LBBB)

3. Right bundle branch block beat (RBBB)
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3UM 2.21 Right bundle branch block beat (RBBB)
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(M)

3N 2.22 msfanduInihvialadalnd ves (n) LBBB uaz (v) RBBB

4. Atrial Premature Contraction (APC)

Atrial premature beat (Atrial Ectopic Beat, Premature Atrial Contraction) MuaduTidh
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APC Beat in Record No.118

APC Beat in Record No.200
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g‘ljﬁ 2.24 Atrial Premature Contraction beat 911 MIT-BIH Arrhythmia Database

5. Premature Ventricular Contraction (PVC)
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Grade1 i PVC iilu Unifocal iindutfount 30 Afa/a

Grade2 3 PVC il Unifocal iR uminfumM3enn 30 ada/m.

Grade3 31 PVC (il Multifocal (Fuilaninnatouvalunuaiina) Iwaminiiesn
coupling 910 sinus node HANANNUIA I 1UANANAY

Grade 4A 1 PVC Aadeiii 2 afa

Grade 4B 1 PVC Af@ aﬁ'quuﬂ' 3 ﬂ%‘i{u'lﬂ (salvo) 158071 Ventricular Tachycardia
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gﬂﬁ 2.26 Premature Ventricular Contraction beat 910 MIT-BIH Arrhythmia Database

6. Paced beat (PACE)
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gﬂﬁ 2.27 Paced beat (PACE) 9101 MIT-BIH Arrhythmia Database



7. Aberrated atrial premature beat (AAPB)
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Aberrated atrial premature beat (Hundu lW#alaiinuieslu MIT-BIH Arhythmia
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gﬂﬁ 2.28 Aberrated atrial premature beat 910 MIT-BIH Arrhythmia Database

8. Nodal (junctional) premature beat (NPB)
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gﬂﬁ 2.29 Nodal (junctional) premature beat 910 MIT-BIH Arrhythmia Database
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9. Fusion of ventricular and normal beat (FVNB)
a J 4 & 1 4
Ventricular fusion beat lﬂﬂﬁ'lﬂmiHﬁnﬂﬂdﬁﬂﬁzﬂﬂﬂgﬂlulﬁﬂ ventricle §NNITAUY
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ventricular impulse
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gﬂﬁ 2.30 Fusion of ventricular and normal beat 910 MIT-BIH Arrhythmia Database

10. Nodal (junctional) escape beat (NEB)
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ﬂ‘ﬁ 2.31 Nodal (junctional) escape beat 910 MIT-BIH Arrhythmia Database
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11. Ventricular escape beat (VEB)
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jﬂﬁ 2.32 Ventricular escape beat 910 MIT-BIH Arrhythmia Database

12. Fusion of paced and normal beat (FPNB)
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g‘llﬁ 2.33 Fusion of paced and normal beat 911 MIT-BIH Arrhythmia Database
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A I 12197 14910 MIT-BIH Arrhythmia Database [14] Usznoudauadu T
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premature beat (AAPB), nodal (junctional) premature beat (NPB), fusion of ventricular and
normal beat (FVNB), nodal (junctional) escape beat (NEB), ventricular escz;pé beat (VEB) 11a1g
fusion of paced and normal beat (FPNB)
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V(1) = Vi
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43 nsaavinadeyanauiihiilediuilawesAanitiuuua

Aewedaan3iuund (Fisher's Discriminan) [24][25] dhi3sms#i 1iuethaunsna
lumimdnsassuiazaniinvesdoyaluamedumsigluuy wRavesilmyes fo
AImiemM1auean13 11519A (Projection) (3 Basis 113i) w ildanuuand1vesRndsyes
nqu&a (il Tsidadoyaasuiinma w) Tuvaizii 1 maals1lsau (Variance) s0uA1
ﬂmwmﬂtjumn'nfuﬁfhﬁauq denanlunuadamaniNaresveimadeniianiams
Tosisa waunsziaih lisasdauvouuaIndnsnsze1useninangu (Between-class scatter
matrix) HAZIIATNFM 3N WA WIUNGY (Within-class scatter matrix) fAnniiga
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Sy = : N (g = ) (4, -u) (4.2)
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a o 1
Ltﬁ:ﬁlﬂﬂ'ﬁﬂ"ﬂﬂﬁﬂiﬁﬂﬁﬁiﬂ'lﬂaluﬂf}ll rﬂu

3

Sy = Z (X, — 4)(X, = K )’ (4.3)

i=l x;€X;

& Ay < ‘ a4 oy = ' A o ¥
o p, o YoyanduveIngu X, , 1 Ao YoYAIMAUYBINNNGN LAz N, AD 1TUIUTDYD
'hm’q'i.l X, i Sw i Nonsingular matrix MfIN14 projection W ﬁmmzﬂuﬁqm:lﬁanmn
a Jdaa o da = a id.y 9/ as ' - = L4
WATNENTIADAYNN Orthonormal 1AENIUATNFUINOAIIAIY Determinant YDIVAINHNI5
' ' . a oA ~
3LWIEHINNGY 1A Determinant VuuA3ngMsnsznwmolunguitldnndoyaiilils
o Y A P
waud) ANNga
w's,w|

W, = arg max

- 1 [w, w, .. w,] (4.3)

w's,w|

Lﬁ‘c‘] {wr. |i:l,2,...,m} fiD AU Generalized eigenvectors VY93 S, LAT S, f

=

ADANADINY Generalized eigenvalues, {’1.' li = B 2,...,m} ﬁﬁﬁwmnnqm’mm m A1 e
S;w, = AS,w,, 1=12,...m (4.4)

& - . . Sy - o : " W o
49231A1 Generalized eigenvalues # Liitlugudiinunaganii c-1 A1 ATum

° { = 1o ' o H ° '
¥03$ 1 m nngafaziniy c-1 Sroruiu Tasi ¢ Aodwaunguussdoya [24]
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Vi =2 (- n) 46)
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4.6 NYUYIWA (Set theory)

Tuan3seil Idhmguiveusmngawlunsuunanuuandsvesdoyanaulih
¥ loudasyiia Tnomsdmuaveuiwaveanan v ladreaufissuumasgsen
AundoRaaumsii .12) 11mquﬁwawmfu‘n‘wﬂﬁwia'lﬂfr

1. giileu (Union) Sdmuan A uaz B 1aq gillouvessa A uaz B Ao o I
Uszneudismndniieglu A nie B @euumuiis AUB nie BUA dagilit 4.15(0)

2. Bumesniy (Intersection) M MUAIFA A uaz B 1a9 SuimofEnTuVe IR A
wae B e e lniiflsznoudromndniiedialu A uoz B @ouunudao ANB wie BOA
Fagli 4.150v)

3. ABMNABT (Complement) Amuald 1 A Wuduavosienawduing U new
WauYes A Avsaiiszneudrsaindnvesenanduing (U) ud liidluminfnves A
Wouunude A’ dagilit 4.1500)

4. agh (Difference) HAAATEHNUTA A LAZI¥A B fiD (yait)sznoudlomndnves
e A G lifuaunFnveusa B nas1a3zniaen A uag B IMULINUAIU A-B 30 A|B

(Taufi A-B iy B-A) dagalii 4.15(9)

(M) ()
qU 4.15 UAAHUATH (Venn diagrams) Y03 (n) giilou (v) BuiApsiwAtl () AOUWALIIN

() HARIUD AR
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o o y o U’ o A o
lumsimguivessmnldfuadu il lniuszdeninau Tl Ididuee
L = = " 4 1 :’ o y
Foyavosudazsiadoroudun 1dnan Budadudu amiuiiiadoyavoenduliih

L
walwdazatinuduruniugasaail

N - (LURUAUVUP U\ UIWUFUJUEUS) (4.13)
L - (NURUAUVUPUaUIUFUUJEUD (4.14)
R - NULUAUVUPUAUTUFUJNJEUY) (4.15)
A - (NULURUVUPUAUIUFUJUJELU) (4.16)
V - (NNULURUAUP U2 UTUFUNJEVLUS) 4.17)
P - (N ULURUAUVUAAIUFUJUEUN) (4.18)
a - (N ULURUAUVIUPUIUFUJUEUN) (4.19)
J - (N ULURUAUVUP Ua UFUUEUS) (4.20)
F - (N ULURWUAUVUP UalUT UJUJEUS (4.21)
j - (N ULURWUAUVUP UalUI\UJF \UEUN) (4.22)
E - (N \WLWURAJAUVUP Ual\UINJFUj U (4.23)
£ - (N ULURUAUVUP UalUIUFUUE) (4.24)
Taoi N ADIAYD9 Normal beat

L fioiu04 Left bundle branch block beat
R ABI¥AVDI Right bundle branch block beat
A ADITAVDA Atrial premature contraction
V A91¥AUDI Premature ventricular contraction
P AOITAYDY Paced beat
a ADITAUDY Aberrated atrial premature beat
J ADIFRYDI Nodal (junctional) premature beat
F ADIsAvD Fusion of ventricular and normal beat
j ADIFAVDY Nodal (junctional) escape beat
E AD5AU04 Ventricular escape beat
uog f ADIYAVYD Fusion of paced and normal beat
4 & 4 & o . = T 4 4
Fanunvesnau lld i lwdazatianansdagli 4.16 sadmuanuioauunasgu
" x ' ¥ ¥ ] [
AT TH= p+ z-0 uazilomamuaumsn 4.13 89 4.24 udez lanunaugn 4.17 oz
=] 9 A o Y "t - " - o & 1
wiuldhaau i lwnariiass hiliyaweudeniuguanuuzmmz ilesnniuaaing

v ¥ " '
MAININAIUNTZUIUMIM A daiuazdealdsuruisoua i ldesuisluiadenmium



Normal set LBBB set RBBB set APC set
500 500 500 500
400 400 400 400
5 30 5 X0 5 300 s 30
i £ i i
* 200 > 20 > 200 > 200
100 100 100 10
1] a
: 50 100 150 200 250 300 ’ 50 100 150 200 250 300 60 100 150 200 250 300 S0 100 150 200 250 300
Yepixel ¥-pixel ¥-pinel K-pixel
PVC sel Pace set AAPB set NPB set
500 500 500 500
400 400 400 400
5 X0 5 A0 3 X0 s X
] = = x
: 3 3 M—-ﬂ. -
> 200 > 20 > 200 > 200
100 100 100 100
0 0
0 S0 100 150 200 250 300 o 50 100 150 200 250 300 50 100 150 200 250 300 50 100 150 200 250 300
X-pixel X-pixel K-pixel X-pixel
FVNB set NEB set VEB set FPNB set
500 00 500 500
400 400 400 400
5 30 s K i) s 00 3 E11]
i s : A g
> 200 > 2001 > 2001 > 2004
100 100 100 100
8 50 100 150 200 250 300 50 100 150 200 250 300 50 100 150 200 250 300 0 50 100 ‘30 200 250 300
Kepreel X-pixel Kepixel Kepiuel
' ' '
= & 3 o s a o
31U 4.16 uanuyavenau Iividladwu 2 st iz=+1
M-Union(LRAVPaJFEN L-Union(NRAVPaJFjEf) R-Union(NLAVPaJF JEf A-Union(NLRVFPaJFjEN
500 500 500 50
400 400 400 400
5 X0 5 300 5 300 5 X0
% = > =
X = = =
:‘ 200 -~ - : 200 o‘ % > 200 - - - = 20
‘00 100 100 100
0 = - - ol— = o 0
50 100 150 200 250 300 50 100 150 200 250 300 50 100 150 200 250 300 50 100 150 200 250 300
X-pinel X-pixel X-pixel H-pixel
V-Union(NLRAPaJFEf) P-Union(NLRAVaJFjEN 2 Union(NLRAVPJFjEN J-Union(NLRAVPF JET)
500 500 500 50
400 400 400 400
3 300 \ 3 300 3 300 s 300
: - & A 2 =
> 200 punse. " > 200 > 200 . - = 20
- - -
100 100 ' 100 100
0 0 1]
50 100 150 200 250 300 50 100 150 200 250 300 . 50 100 150 200 250 300 S0 100 150 200 250 300
Xepuxei X-pixel X-pixel X-pixel
F-Union{NLRAVPaJjEf) Union(NLRAVPaIFEf E-Union(NLRAVPaJFjl) Union(NLRAVP 3JFJE)
£00 500 500 500
400 ‘ 400 400 400
3 300 ‘ T 300 3 300 s 300
a i LI a & - \
T AOf -, 5 & > 20 > 200 - > 20 . @
100 100 [11] 100
O 1]
50 100 150 200 250 30 50 100 150 200 250 300 B 50 100 150 200 25) 300 50 100 150 200 250 300
A-pixel K-pixel Xepixel Kpixel

1N 4.17 uans

b4

&
wWu

fvoanau Iiiale 12 sianldusndreTvouaa Nz = +1



UNN 5

NITNAasazHan13Neadl

adu I lei 18den 1 #luandsuiifundu Iriialed 180 ngudoya MIT-
BIH Arrhythmia Database Taowiiavesnau Mini laiivamsideniniidoiu 12 viia fio

1. dayana i vial9idnd (NORMAL)

2. Left bundle branch block beat (LBBB)

3. Right bundle branch block beat (RBBB)

4. Paced beat (PACE)

5. Premature ventricular contraction (PVC)

6. Atrial premature contraction (APC)

7. Aberrated atrial premature beat (AAPB)

8. Nodal (junctional) premature beat (NPB)

9. Fusion of ventricular and normal beat (FVNB)

10. Nodal (junctional) escape beat (NEB)

11. Ventricular escape beat (VEB)

12. Fusion of paced and normal beat (FPNB)
Fanau i 6 suguusneziideyaeginnuazihusiafiionlFunumssuunlsziam
(4] - (7] wazdn 6 susunduiudoyainutoslugmdoya Fnfuntsnanesss @iy 2
du Aemssumndsznnaau Ifniale 6 siiauas 12 ¥iia

wisnmsdadyana inialseeniduin@ers awildnamnudaludiuves
mswioudayanduifinials oiaded 4.1) %’aumamﬁ"u1Nﬂ1ﬁ11ﬂﬁﬁ1uﬂa’fffmum:qn
wiseenithu 2 daufedoyadmiumstinaouliiuingevie (Training data) uazdoyadimiy
minaaoulinuIngavie (Testing data) luyniizndnfiddutunismansaznams
naaeslumssuunlsznnaminfinile Tasld s sholssamidoniaeswuuionuy

UWS BPUNAY (BP-NN) ttaziuy 151min (WNN) awdiay

5.1 msswundsznnnauliihiledelnssvslszammennuuii l)idnaeu
HUVUNSHOUNAY

' ¥ v .
msswuntsznnaay i laluasmsna luiy aziihedu I lasndimsm

as g 1 o ::’ Q2 o w 1 ' n’: o o ' &
andMAUNDUY waamnuummanumzmummuu'lﬂmmiinuuﬂﬂ's:mmwfluﬂau“lﬂﬁw
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Sd

Y - - " W o o a ¢ & n‘:
wrleriiala luanddviitmuiuididoyaumimsaannansdisitvesilmyed aseziing

] . L4
anauuie myandeyalaunsiaou basis Inaiiiu Eigen basis uaznisaadeyadoflaiyes

“
4 g : . i 4 4 "
i3 Teda lduamanszuaums uundszianaau i lalugdii 5.1 deadu Infivialagn
o 4 a [ 3 o 1
Faihuglatuderquds fgriunszuumsaavinadeya nniunzinisdeyasennaes
' ' é s L) = o 2
ndu nqunitalFlumsfinaeulifulaswholszamiisuuimnidoundy (Backpropagation

Neural Network: BP-NN) ttazdoyafimaoz 14 lunmmaaoy

ECG Classification

R-lr;x-:ak _._l Feature Extraction |
Detection i Training
Fisher’s Discriminant Data
I or Fisher’s ratio Testing
| Preprocessing [~ L Data

Uit 51 Tassadavesszuumssuunlszianaau Ifinialvdas Tassholszamimiondas

FEmsdnaeuuuunI foundy

(f)

Ui 5.2 Taseadraveslassiilssamidisunuuiwsdoundululilsunsy MATLAB
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nngiii 52 waaslassadraves lnssodssamifsuuunsdounduiigminn 1y
Tuamiiuiiast 3 #u Ao Fugouusnisznoudae 35 faseu Suseuiicenlszneudao 35
firsou uazFueninni 6 drsou Fuewinivegivinnusiiavesndu Ilfinialed
Zoamsazduunlszan danileddumsdadulafilFlussuuiamuaduiladsunnudn
uoUA u‘i’minmﬂ?;u'lﬂ%ﬁ"ﬂmﬁuﬁ'tu_,mgtuﬁ"hil.i'ﬂm%aLé’r'uuazﬁuwmmﬁ'ﬁamﬂuﬁy’afhmﬂ
uazauc‘ﬁaiizﬁﬂﬁmsﬂi"udwha1{114ﬁnﬁmmﬁamjumnnhﬁan%nuauﬁuaziwnﬁms
HnaeuiuY Scaled Conjugate Gradient [27] Sudumstnaeuiilszndamieanuiwazi
msGouditsanda Tauglit 5.2 () iWlunismansslaslddeyaiilildanung i 5.2 (W)
FHunsnansafiaavinadeyalasitaeedis 1y uargaii 5.2 () iflunsmasssfianviia
foyalaslFTsimyesis TsuazfawesAansluuudsuiu
agddeyaiilFlunismanesmsiuumlszanaduliiiniiledaelassiwyszam

q

= 'y = £ = o = 3 [ o o d’
INBUUULWIgaUNDI UL 3 LUl fmﬂznmmuauvgw‘lmuuﬂmmnmanumu

ayai lildanvua Guwa lsuuild 300 g9)

2e

1.

ayanaaviadeNaresis Ty Gunalsuudld 140 y0)

e

2.

"
-

¥ Y 3 @ ad . . 4 _
3. foyananviiadoflamesis Tsnauiuds Eigen-basis (Buva lsnnld 145 ya)

1 3 da aa
5.1.1 A1 Eigenvalues 10n3zuumsilaesdan3iiunua
" [ ¥ "
idimideyadvveanau il 6 vila uaz 12 yila Alddmivmsaouszuy

> Fl da aa o 9 u’.: ' o @ o d’
hjﬁ.l'lﬂiizll'JUﬂ'ﬁﬁﬁﬂfﬂiﬂﬁﬂiﬂlluuﬁﬂx\lﬂﬂ'\ eigenvalues NIMUa 300 A1 AUDIAUAIY
eigenvalues(Aq, ) = [213.62 90.24 57.65 2545 11.66 0...0]

cigenvalues(1,,) = [33.952 7.946 5906 2515 1229 0.794 0.719 0.197
0.110 0.079 0.073 0 . . . 0]
" =1 Y A . = 3 ' ' 3 da o o
uavziiu'la13A1 Eigenvalues 1 oA -1 ANNITUNTAIUTIAY (Nonzero
generalized eigenvalues) s doyaiianudidigegu basis nmsilaweidaniluuud

= 1 o

¥ '
= X (Y U ° a o s ' o
164 c-1 Basis 1Ty (1¥u H$1mrudoya 6 siianvziini Eigenvalues tWoa 5 Mniinnud iy
Y Ao 3 a o o = ' & & q . et
HAZUIIUIUTDYA 12 ¥UA NITY Eigenvalues INYI 11 1) INUUNUT Eigenvector NUAT
! v . - 3 1 o = [
Eigenvalues tnaHiu iy Eigenbasis iivofivz Tilsiindoya ECG asld dalduansdnumzvas

ECG N 1dTs8audrlugui 4.5 (@miuaauIniwiale 12 aiia)

5.1.2 mssumn)szianaayliihlenndihedisssiinaznilanud e BP-NN
s1wazdsaveinau I lanlFlunsmaasa Record No. Mimaans 6 ¥ia i

s ﬂ:lyd
AIURD



Normal beat
LBBB
RBBB

APC

PVC

Paced beat

Record No
Record No
Record No
Record No
Record No

Record No

. 100
. 109
.118
.232
.208
. 107
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& ¥ 3/ P - w4 =
Fawaminaaoalumslddeyanimunuyiinamiuguaaslumneg 5.1

) o 4 o - o = 1 é Ll
m51ai 51 wamsdwunlszanaauiiinile 6 siiaduon 200 Indentiadile lums

Hnasunaznareusudeyaiinavuiauaz liildaavuia Taold BP-NN

Trained data Unknown data
ECG Beat Types| Number of Accuracy | Number of Accuracy
Correct Beat] Correct Beat
ECG beats (%) ECG beats (%)
Normal 200 200 100 200 200 100
LBBB 200 200 100 200 200 100
RBBB 200 200 100 200 198 99
APC 200 200 100 200 199 99.75
pPvVC 200 200 100 200 198 98
Pace 200 200 100 200 200 100
Total 1200 1200 100 1200 1195 99.58

5.1.3 madwundszanaaulvlihialeandihonawauds BP-NN

=Y A Y d‘ 9/ =1 ﬂ; a a
swazidvavesnau IMivialanldlunisnaasadl Record No. MiuImaass 6 ¥ia

v
o

oo A
L3N UAIUAD

Normal beat
LBBB
RBBB

APC

PVC

Paced beat

Record No
Record No
Record No
Record No
Record No

Record No

. 100, 117, 212, 219 uav 234

. 109, 111 uag 207

. 118, 124,212, 231 uag 232

. 118, 200, 219 uag 232

. 116, 119, 208, 213, 219,221 u1az 228

. 107 uag 217

1 Al = 4 o : = A o
seiu 1@ hdeyalundazyiiavosnau T laiu szfinais Record No. Favinlv

' ¥ l
Foyavosnau I lefifidanunlssauge uahmsiwunlszinnaiu Iiwialedoe

' = =1 o Ve & =
TﬂﬁwmﬂszﬂmmUunmminm"lﬂﬂ %um@qnammﬂaaﬂumﬂm 52-5.4
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4 o A o o o 4
asan 5.2 wansswundszanaay i niale 6 wiiasunldlumsinaounaznaaeoy

¥
Wanua 11,531 inlaglifimsaavuialaq (300 99) uaz 19 BP-NN

Data validation (%) nlos 1§uﬁm1uqnﬁm (%) Training time
Training Testing | Unknown Tested| Known Tested (Minute: Second)

10 90 98.96 100 00:35
20 80 99.03 100 00:58
30 70 99.31 99.94 02:28
40 60 99.43 99.97 03:09
50 50 99.49 99.98 06:00
60 40 99.33 99.98 06:08
70 30 99.22 99.98 07:44
80 20 99.14 99.96 09:42
90 10 98.81 99.99 12:01

Average 99.19 99.98 05:25

M3 5.3 wanssuundszanaau liiiniale 6 sias wun1¥lumsdnasunaznaaey

¥ i
VianuA 11,531 imhaavinadioislawesis 1s (140 ya) uaz 19 BP-NN

Data validation (%) nlofiFunniugndea (%) Training time
Training Testing Unknown Test Known Test (Minute: Second)

10 90 98.25 100 00:33
20 80 98.78 100 01:58
30 70 98.73 100 02:11
40 60 99.1 99.95 04:06
50 50 99.03 99.98 05:21
60 40 98.87 99.95 08:32
70 30 98.79 99.93 10:22
80 20 98.79 99.96 13:12
90 10 98.81 99.94 15:23

Average 98.79 99.97 06:51
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M1 5.4 wamssuuniznnaau i le 6 wiaswunldlunsdnaeunaznaaey

v
Warua 11,531 inlasaavuiade3imanausennaflaesis 1¥fu Eigen basis

(145 9) uaz 14 BP-NN

Data validation (%) Lﬂﬂ%’sc'i‘suﬁmmqnv’fm (%) Training time consume
Training Testing Unknown Test | Known Test (Minute: Second)

10 90 97.11 100 00:32
20 80 97.76 100 01:11
30 70 98.71 99.97 02:19
40 60 99 99.97 04:22
50 50 98.92 99.98 05:28
60 40 98.89 99.98 07:54
70 30 98.76 99.95 14:31
80 20 98.71 99.98 15:10
90 10 98.72 99.97 08:58

Average 98.51 99.98 06:43

5.1.4 msnaasdlagminstavesnavlvihlalumsdwunlsziand e BP-NN

swazdoaveanau Wi lanldlunisnaass Record No. Miwmaany 12 ¥ia

TaoNuIUIUFTIAIINKIUD 5.1.3 11DN 6 YA AD

® AAPB
® NPB
® FVNB
" NEB
® VEB
o FPNB

Record No
Record No
Record No

Record No

Record No.

Record No

. 201, 202 uae 210

. 124 unz 234

.208 uay 213

. 124, 201 uag 222

207

.217

snnsnaasdluaisiei 5.5 aroaaulidialane 12 viia szmiuldnaau v

@ 1 = = ° & L ]
waleniideyatosaziinnuAanaralunisiuundszinnun Faansoaagylldhimou

Y = ' -t o i P A v a
FoyalumsinasuiinademsiSouiveslassiisdszamiiion AvGouidalaun
' o 1 o o §Y a kY a = o £ 4
UINLFUNUY uﬂqluvl']\'iﬂﬁﬂﬂuﬂ']ﬁU'N:J:l.l']ﬂlﬂuhlﬂﬂﬂzﬂ'ﬁg'UUﬂ']ilﬂ-]uﬂUﬁQ YIAVSIN

¥
Tasavelszamuoauyud aniu insdnasuszuulavldde

-~

dya

nad

<
U

yaun

yandaanu Tuwnouninu 1y
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Mms1ns.s wansswunlsznanaauifdiale 12 viia Tasld BP-NN

N doyaandin |, heiwpe)
$woun| R . Uoyandu FR U Yoya
ECG |, doyailnd (300ga) | Wenwesisly (FR) ,
lanaaea unulni(1519a)
Types (1409%)
(beats) o b4 o b 4 o ¥
F11n 18 (beats)AC (©6)8uiun14 (beats)AC (%) 1tun 1A (beats)AC (%)
Normal | 1005 995 99.00 985 98.01 978 97.31
LBBB | 1003 1002 99.90 1002 99.90 999 99.60
RBBB | 1003 917 91.43 906 90.33 870 86.74
APC 757 749 98.94 721 95.24 741 97.89
PVC | 1007 968 96.13 979 97.22 976 96.92
PACE | 1002 1001 99.90 1001 99.90 1001 99.90
AAPB 75 44 58.67 27 36.00 0 0.00
NPB 43 24 55.81 41 95.35 38 88.37
| FVNB | 369 328 88.89 326 88.35 316 85.64
I
NEB 116 112 96.55 112 96.55 111 95.69
VEB 53 27 50.94 33 62.26 28 52.83
FPNB | 131 127 96.95 126 96.18 126 96.18
Total | 6564 6294 95.89 6259 95.35 6184 94.21

A 9/ o = 1 sd o
WA AC (accuracy) AoAAugndeslunis s uumlszianiimizudunledizua

1] L
o A ] =y Y o  ar
5.2 maswundszanaaulihilelaslilassvedszamimomu]Simiin
° & o a vy ¥ ° ¥ v u Y
msuundszianaiu il nialvezsududismaideyaningudeyauazimuuin
n!: o = 3 o & o = = 1 v
Tunouiawisudoya Tasnsdanau liivilseenuuiuiinfeindeunazsiusudoya
w & g (4 M 4 4 4 - o
Pilugan naanmiuinlaoudeyaimualiifudoyauuy luusiieneniusuna iy
Tassvvilszamdsunuy 1519 min (Weightless Neural Network: WNN) uaz luaizidoany
< o & a o o 1 “ o 3
Razihdyanandaudl lmansaziduvesnau i vial lao 14 awedis Toie 19m
o ' o  ar = 1 é 9 -1 aa .é I o i
fumtadidglumannu x wazdndiuniaz ldnguimaeadamie lsqumdwmualums
¥ ]
uny y venndiudrdalimquiimaswiunguinuatdnmyaniudnsuzinmzdndao
2 o ' = a1 o o o :
Fadwmianiegann danitaraqazinnldluns lauulddannsadwunadu i
W laudazaiialduniaa (Global Optimization)
F ¥ o I ! - R w
Tunsnaaaiiagiini 14 local optimization ¥01 Tnseteysza oy 1iimiin

Taomsmidumislunms Tl dlasmsisundoudmmiaaeg Inidminiimisseyngu
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: a 4 4o H s v '
FrdouAaduva NN sHnaoutudu(Pre-training) 11 Tasevnlszamitonuun 13

H o ~ ot . = ¥ v
viamiin  TasezilSouisuranisnaaesisiiiuas hifimsAnaoududu Tavnszuaunis
H A » 1
optimization lumsnaaossziaaslugii 5.3 Fuzdlunszuumsiuundszianaauluih
v q dq . = yo o w do ke sdad
W leildTasesviodszamionuuy himiniviimsngadeudeves leuuldnanga oz
o ' o ' ' 4 i
wiulddszuuaziinistlounduseni1ans L UIUNITUDY Synaptic  Optimization LAY
N32UIUMS ECG classification 110391052009z msasnadoumsszynguluvaeiivihng
n’: 9/ 1 e .. [ ' ] - 1 = o o o
Hnaeududuiniinissu (Collision) AusznIanguniela Milimsyunununduinm
° 1 ' o1 A = o i = o &
s lvsiuazeznyanaeie ludinssununieszynquas luueaRsmAsINY Faazuans

dane3nuluuuy Flow chart A3 5.4

[ Ty g e ] 4 Synaptic Optimization )
! ,
[ Pr eproc e~.smg N\ . p
R-paik 1 (LA TR td 1
! Dataction _‘ ! -&—— - -
] —i sk -—-"(\ ("~ ECG Classification k.
An. | iif'f _'i » Weightless N:lmn}l N-ﬁ.h-\;\.-)lk
| ﬁ i‘ *
510 5.3 Tassadeszuumssuundszanaau Inihialade wan
Preprocessing

e - y " s
/ Searching synaptic \
! position A
1 W
| v |
! Pre-train by means |
| |
i v |
1 Check state of memories i
I |
1 1
I = i
| Collision  yes 1
\ t
\ No 7

Train all data

51 5.4 Tnsaadreszuumsswundszianadu Idinialadas wn flimsmdwmia

Tl dnanga
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231l 5.4 rnseesuemsiien 1 diedeyandu Indwialeiwnszuums
. d o a o > 1\; ) » ’ 1 ¢
Preprocessing (HodaInIvudoyaudd ndanniundignizuaumamdumiaves lauuild
{ 1 { o ¢ d o_ o o u‘: o o
amauii 1dnanuudr lumi 4 ndsmniufihdumisi idiumhmsingeududy
' o ' ' § A A '
(Pre-training) @20AUNABVBITOYAUADYNQUINONITATINAOUMTIFOUAD 1ABNITATIY
] o t o a A o o - ] = a
anzvoamisanuirhiimsszyriiavesnau i nirlasudunie li dufamssudu
v "
wieszyamadnaaiaiuiszaundu lmidumialunsdulng sunsenalilimsyuiu uas
¥ [] [ ¥ [
niniumihdumisiangai Wdnaoulaslddeyalndnidudiuvesdeyalums
Hnaouse 11/
1 A .U o o ' 0’ o 1 ﬂ'
Foyadndnmilniamion Bdmivinsasdszamiouuuy1iihmin Aedunde
vouAnz¥iAfagUi 5.5 tazAunAovealAay Record HIBvBiloudazaY AagLlh 5.6 (Ho

o ¥

¥ L v
wihdeyail lhvims Andeududulisy Tasehlszamifsusun1iiminde

Normal beat LBBB REEB
500 500 500
400 400 400
B 300 _,\A,_,___ 300 300
& 200 w0 f——"\——— 200
100 100 100
0 0 0
50 100 150 200 250 300 S0 100 150 200 250 300 50 100 150 200 250 300
APC pVC PACE
500 500 500
400 400 400
3 300 300 /\ 300
& 200 -———)\/—/¥— WEF—~— 200
100 100 100
0 0
S0 100 150 200 250 300 S0 100 150 200 250 300 S0 100 150 200 250 300
Samgle Point Sample Pomnt Sample Point
o A A o ' a
Ui 5.5 uaasaunfoveanauliihialaidazaiia (Mean-class)
Normal beat LBBB RBBB
500 500 500
400 400 400
o 300 ﬁ 300 ; 300 gi
-] iy A
& 200 e 200 < 200 —= V%Zﬁm
100 100 : 100
0 0 0
S0 100 150 200 250 300 S0 100 150 200 250 300 S0 100 150 200 250 300
APC pVC PACE
500 500
400 ' 400
g 30 i 300
& 200 ‘«J%Ea.g’%w 200 =
100 100

0 0
50 100 150 200 250 300 50 100 150 200 250 300 50 100 150 200 250 300
Sample Pont Sample Point Sample Pont

1 5.6 uamsnundvveanau liinialavesdihoudazau (Mean-record)



77

3 ¥
Tudamvesnsaadulaveslassiodszamdomniuluamddei idihmsdadule
a1 7 - 5 S & o - '3
wuumsasadan Ingdadiiinzuuugaga (Maximum voting) vz I uideniduenivyn
voa371Y 1ABLAAININYDA Histogram Tumis¥azuuuveslassinelugii 5.7 uazgn 5.8
4 & & & ' -
Falugii 5.7 veiilu Histogram  voanzuuunanuai Insaodszamiion141d

& s 1 o - = & o " a
poNIFIVBuNAIBE13T 5.7a (1) ez diAes Felugdezmunlumaunu x wlinzuuy

¥
A e

£
@ 100 Az Tumnead Tnseiod s ol auveaiaseuianua 100
a : 4 & 4 a a
230U ‘Iﬂu-ﬁ'aqﬂ'ﬁwﬂﬁaun’fmmmﬂmmazmsauﬂs'lﬁﬂzuuuﬂumzuuu vz and
ar A o ) = = ¥ - é
(vote) W duaau A lehdlurialauazszsivsuazuuunngiizsewieaslud ¥alu
§ J s - - o 1 - a '
31l 5.7a (n) sziflunau i lsiiadsnd szmiuldhazuuuvesinseuasdiuing
(majority vote) BgnnauIWH1¥21a%iia Normal (VenAzUUUYBILARZFUAAINIAY x YDA
¥ ¥ ¥ 1
Histogram) #9111 a3 9oz armiiouiiseannsaiszswundszinnvendu lihmiale 14
ﬁ a £ - = < 4 = ¥ & ¥ oa
{Huyiia Normal vziinzuuugaige uazangdi 5.7 wwmudimsnszaisvesdoyadaai
minsznvvesdoyatievezaansadiwundeyaldie wulugiin 5.7 (1) (v) (0) uaz () ua
Tunandududiiinmsnszasvesdoyanin sz limsduundeyani 1den maziinag
u Y

¥ ¥ "
Fowiuiuniamaoudvuvesteyai Ideyaiianuazadion wulugdin 5.7 (M) uaz (1)

«

Testing with Normal Beats Testing with LBBB Bears
150 T T T T - 200 + - -+ -
jogere ] 2
5 100 g -
5 s { 3
= a L - -1 " " -lnhl.lmm.l._ = [} s n A L L
30 40 50 &0 70 80 20 100 10 20 30 40 50 50 70 80 990 100
Nermal Scores Nermai Scores
150 200
% ool 5
5! i 2 0
: ulli .-
= et e L ] S R E— | || | P
30 40 EH 66 70 80 30 100 10 20 30 9 0 5C 70 82 10
1538 Scorzs L8B3 Sceres
- - - - - T - - - 200 v v T T g T
§ 169 4 §
3 Z W0
5 50 . z |
= = |
- 9 1 n L L L L i = 0 \Ir L L L L L s " "
30 40 50 &0 70 80 90 100 20 30 40 30 80 70 80 %0 100
RBBB Scores RB3B Scerss
150 v T T T T T T + ™ —
g 2 100
£ - g
20 30 4U 50 B0 70 80 90 100 20 40 50 &0 10 80 90 100
APC Scorss APC Scores
150 . - - . ' -
Z 100 ] ™
2 2 w0
4 1 £
; A L 'S 1 1 1 1 1 =
20 30 40 50 60 T 80 30 100 ?O 30 40 50 80 70 80 %0 1¢0
PVC Scores PVC Scares
150 . . . . : . . v 200 ' -
2 w0 z
El 2 10
R 1 3 ]
= 4l X s N . . . 4 L . = g e i A L L n L L L
10 20 30 40 0 6C 0] a0 30 100 10 20 3 40 50 50 0 80 90 10
PACE Scares PACE Scares
(n) (v)

51/ 5.7a u@as Histogram voeAzUU UNMINATOUAY Unknown Data 6 ¥iin



Frequency Froquaicy Froguancy

Frayueay

Frogusaiwy

Fraguany Freyueivy Freguawy FFrapmawy Frajuaivy

FFreumany

78

3171 5.7 A3 Histogram vosnzuuL 1UMINATBUAY Unknown Data 6 ¥1in

PACE Scores

()

PACE Scores

(%)

Testing with RBBB Beats Testing with APC Beats
200 v T T T v T T T v 5 150 T T T T T T T T T
100 { ¥™ 1
¥ 50 4
0 ek n " L i L 2 1 P WP ka N " 1 ' L
10 20 30 40 50 (] 70 80 90 100 10 20 30 40 50 80 0 80 90 100
Normal Scores Normal Scores
200 - v T T T T T T T 150 T T T T v v v T T
100
160 o
50 g
o A i 1 A A A 1 1 = a . A A A i A A 'l i
10 20 30 40 50 &0 70 80 90 100 10 0 30 40 50 60 70 80 9% 100
LBBB Scores LBBB Scorss
200 T T 3 T T u T T 150 T T T T T T v T
»
0o 1 § 100 4
g s 1
0 = 0 | " i . ki i L "
10 20 30 40 50 &0 70 80 90 100 30 40 50 60 0 80 90 100
RBBB Scores R3BB Scores
200 T - v T T u T T T 150 - B v T r - v -
T 10
100 1 ™ |
Fosof ]
o n i e N s x g £ M s e e e -ﬂ‘_
10 20 30 40 50 &0 70 80 90 100 10 20 30 40 50 80 T0 80 40 100
APC Scores APC Scores
200 T . - . v - T - T 150 . v . . . . - v
100 . 5 i 1
7 sof 4
ol il L L i L L L L = 0"“‘ N M " " " " M i "
1 20 30 40 50 &C T 30 90 1co 10 20 30 40 50 50 70 30 50 100
PVC Scores PVC Scores
200! T T T T T v 150 v - T T T -
Fy
100} ] g wor 1
ﬂ‘ g’ 501 -
Mo e e N T T P R
10 20 30 40 0 60 TQ 30 90 100 10 #H 30 40 50 50 70 80 S0 100
PACE Scores PACE Scorss
(n) ()
Testing with PVC Beats Testing with PACE Beats
150 . - - - - v v v 350 . ! v : - - . . .
100 1 1
2 g, 175} 1
n Al A L L i 'l L A L ; n " Ao i A 4 A 1 i A i
10 ol 30 40 50 &0 T BC 90 100 10 20 30 40 50 86 70 80 90 100
Normal Szores Nermal Sceres
150 : - - - . - - . 350 v ' + T . . . - y
>
" 1 2
MHIIII {1 7 1
0 o - i " L s " i = 0l L L " i " . s o "
10 20 30 40 50 &0 Ta 80 %0 100 10 20 30 4C 50 &0 T0 80 90 100
LBBB Scores LBBB Scores
150 T T T T T 350 T T ™ . T T
5
100 1 g
" ] §_ 175} E
||| " 4 . L . A s & ol N s L " . L . "
i 20 30 40 50 60 T0 80 90 100 0. 2 30 40 50 60 n 80 90 100
RBBB Sceres R333 Scores
150 T - v T T 4 T v v - 350 T v v g T T v -
w0} ]
< % 1754
10 20 30 40 50 60 0 80 90 100 10 2 30 4c 50 &0 70 80 90 100
APC Scores APC Scores
150 T - T T v . = 350 v - T T T T T v
100} 4 2
E 2 4751 |
i il
¢ IS MR SOt Ry, GEsamr g | i 0 tu.. ik s L " " A s L N
i 2 30 40 50 &0 T 80 °0 100 10 20 30 4iC 50 &0 70 a0 90 100
PVC Scores PVC Scores
150 - . - . . . 350 : . . v v .
100 4 )
» g 175}
e r . el i A -1 A A i i -': o ' i L A i i L A "
10 20 30 40 50 &0 n 90 100 12 20 30 40 50 50 T0 a0 90 100



79

" " [ ¥
daugili 5.8 duusugiivesnzuuuudazsiavesndu iz loi Idianuainn
uanauuanas Taoliunu x Wusidavesnau Ifinialaazunu y dumsuaasazuun
4 o 1 A of Al
vosnau Wi lei1d  FaszuiuldFamuinmsdazuuuvesisouiiuazuuulae

[ n’; ) & s =1 9 ]
danann anfumsszyriiavesndu IMihvialiigndeaniveu

Normal LBBB RBBB
100 100 100
kil il &
1= = o
L 8 2
o 50 o 50 o 50
£ £ 4
< < <
0 0 0
NLRAVEPEP NLRAVP NLERAVP
(a) (b) (c)
APC PVC PACE
100 100 100
: : 2
5 50 g 50 g 5
G 8 B
> e =4
= < <
0 0 0
N LRAVEP N LRAVEP NLRAVP
(d) (e (0

1l 5.8 uansnsmnzuuumasvesmsiwunadu Tiiiale 6 ia

5.2.1 misenuuutazinlisufsunaveslassnelszamimennuu1ihwin
] = 9 :’ a = = a1 as o:lyd

Tuniseonuuylasavisdszarnifouunuy IHimineeimiimeiang Alife
o o« o = =t e 9/ o "
S lsuuld Swouiiiseu anwazdsavesgluuunldlunsdnaeu wazmsdimuaam
P A o o a [ ¢ A e g ¥ 1 = ¥
Woavumasgaieiinausnalunsivves lsuuldnensz1d ldaunaseunquioya
1@nniiqa

msesnuuuved Inseislszanidiouss: 1dainmsnaasalavasiansignnou uay
A a d " e - o - o 9 &
anamaandnsngmanmIngauigaimanes lawguninnsmnsensan la ¥ans
({@0N§1UIU Synapses 32ADITz I lUGDIVBINUILANINTT (NS IZVIIAYDINUILANUTIIZ T
A A 1w n 4 = ° L o = ' & ° a o
wenwiny 2" e n s lsuuild) uazdndrurtisnemsmualiunave iy
a & Yy oA a o q ¥ = vy A ' o & ¥ v -
tareugadudonuianu ) sxilszuuGsuiruaznldeamissanuiignaiy Aniums

¥

-~ ~ 1 o - oo =t @ lﬂl 4!' ﬂ&
wonldmisiimesudazadlunuiioiiszannsagldninna dagui 5.9 faguin 5.13 @9

] et .. =q ¥ (Y i :,’
SounouNINAaoINLl Pre-training HUUA 14 Mean-class taz 131 Pre—trammgiﬂm’ldﬂnﬂi}z

¥
o

FaA NS uAUAITI

Synapses = 16, Neuron = 100, Resolution = 500 11a¥ Standard deviation = |



80

g & &

~)
(=]

wediFuanugndes (%)
=~}
W

=)
w

—&— Pre-training

2

s L Pre-training
55 -

9 10 1 12 13 14 15 16
91149 Synapses

31U 5.9 uaawwamsliunlasudiu Synapses

g

204 (%)

SIuANNYNADY
~]
w

(=]
L

=]
(=

~1
o

¢ d

1o
g

10 20 30 40 .50 60 70 80 90 100
TUIUUITOU (cell)

=0

U7 5.10 uaawamsliunlasuimauiinseunio RAM-nodes (Cells)

&4 H o ' § o g

#1317 5.9 - 5.12 vziu 1d1NIMAaB NN Pre-training W3oMIN19A Tl d
AANA (Synaptic  optimization) 9¥IAMYNADIVOUBIMWNUINATWVUTITHAT (Non-
optimization) 14317 5.9 M31¥ lannldinmunaiuua lWuvesnnugndesveaeniymnn
4 4 ' o ¥ A v ° 3 J - o '
Fuisou uavgi ldims 1 lumissanusuiudude uaz lugdi 5.10 szmiu 1@ 19
= =Y =t ' 1 '3 - A' 3 3 =
Wvaiiaseudeaes iaunsaveninemiymiluriia Inuiiesvindealdnzuuulunisawd

o ° & 1 1 e a ' H
S liiesidudanugndosdnnn Fazmiuiismouiizseu 45 Nodes ilumiiiaiiqe



81

& 8

g

~
o

wlefidunugndes (%)
~J
w

3

(=)
i

50 100 150 200 250

300

| —k— Pm-h‘aining

—=— 11§14 Pre-training |

450

Pattern Resolution (pixel)

500

; v | -
3Uf 5.1 waawmamsdSunlasunnuazidsaves Patten (Pixel)

wofiFuniugndes (%)

8

[=]
L

oo
(=]

154

70

L5 2 2.5
Z-score variation

4.5

d' o d’ ' d‘
51 5.12 uaawaveamsUTuasuauiivavuwnasgu

131 5.1 i ldhdanivaniBeavesnmidfesqesinIdnlefidudany

Y o & = 3 - ' a a A qw o A
Qﬂﬁﬂﬂﬂﬂﬂlﬂﬂ\‘lﬂ'lﬂi wazwumawagauumﬂﬂ I.W\031711!.“0‘3“3&1101‘5?”1“ﬁ:lﬂfjﬂ‘l’l

300x50 pixels uazluzUit 5.12 sziiu 1@ nsnaaeai li1dvns synaptic optimization 1o

. 3 . .
Winusnaiunlums lsuul dun Taon1smua1ved zscore 3z I Huu Iuveannu

) ¢y 4 /a9 A4 4 v Hy o1 A g Ay o
gndosvouemiymisvauiieaninms lsuwldluiiunvesdeyan hignie hilideymiuea



82

pinnslugalil 5.9 faglit 5.2 aunsadensmniineiveslasanmlszamiioy

w1 miingadl
Synapse =16
Neuron =25
Standard Deviation =1

1 g s é [ ] 1 1] 1
nazluduvea Resolution ¥oanau I 1ad lulinanevuinves RAM unatiala
o oo

3/ a o a 1 = ° ¢ =2 3/ o 2 3y o
WFITUDYADUNR ﬂlﬁnu"J'Ll'l_lﬂlﬂ'llﬂll‘il']iﬁ]'luqu1‘1‘[1“1]?‘ muuﬂzlﬂauu Resolution La2n

4
a1 Falumsnaananz 14 Resolution = 300x500

522 mssuundszamaadliintlonindihefssiaazauds WNN

swazidvavesnan AN 197191un13nAAB Record No. fihmmaass 6 ¥iia
milousuiudoyaiildluiade 5.1.2 udnldsudrdwundszianainlasaiodszamiion
wyuinsfeunduuniunun1aiminumu denaszuanaluaised 5.6 idefounans

4 o v ° 1 @
naaoalumai 5.1 wmunanugndsslumssuunlszmmminu

" o y o e o ~ ¥ & ¥
Ms1an 5.6 wansswundszinnaaulviiiale 6 viiaswau 200 Gndeniiadilae luns

Hnaounaznaaoy Tasld wNN

Trained data Unknown data
ECG Beat Types| Number of Accuracy | Number of Accuracy
Correct Beat Correct Beat
ECG beats (%) ECG beats (%)
Normal 200 200 100 200 200 100
LBBB 200 200 100 200 200 100
RBBB 200 200 100 200 198 99
APC 200 200 100 200 199 99.75
PVC 200 200 100 200 198 98
Pace 200 200 100 200 200 100
Total 1200 1200 100 1200 1195 99.58

é o " 4 [
Faziuiinmsl¥teyaninnuulsdsrulunduiesdenisl4deuaiis Record

W q LT

@durluminaaesiilimsiuwnlszanaiu i lvawnsoi 18ayna 35
' < Yy 9 " = o - &L a
ualuanuihuTwdWeyalunquidurnuervssiinnuulsdsnnguianinnsg

[ [y I ' - [ o : ° o
s mdeyaninanimnadeudg i meglunguiedriu dniumsiuunlszmniwi

&4 & @ &
&onTudle Feezuaniwansnaaosluiidenaly



523 maswundszianaauiviihileondihevawaudas WNN

83

= A a H J o =3
swazidvavosnau I lan14lun1snaaee Record No. Mtiumaasy 6 ¥ia

o { o H o J
mitouudeyanl¥lunmsnaasiluiafe 5.1.3 Tasmsnaassiisziminaneuionadou

) 4 o 4 " J
szuphansoiswunlszandoyaniinnulssuvesdeyageldnieli deezldun

v
mMInaasanae liil

" [ 4 o =) 5 é
R 57 wamisuundszamaauIiAnialelasld wan wuniinas lsnnldangads

v
Hnaoudududis Mean-class

Trained data Unknown data
ECG Beat Types| Number of | Correct | Accuracy | Numberof | Correct | Accuracy

ECG beats Beat (%) ECG beats Beat (%)

Normal 1000 1000 100 1000 1000 100
LBBB 1000 1000 100 1000 999 99.9
RBBB 1000 896 89.6 1000 892 89.2
APC 753 742 98.54 753 716 95.09

PVC 1000 998 99.8 1000 984 98.4

Pace 1000 1000 100 1000 999 99.9

Total 5753 5636 97.97 5753 5590 97.17

4 o 4§ o = 4
M3 5.8 wanmssuundszianaduliiinialeTasld waN wuuiinis laonnld@ngeds

- : Y 9
WNEAOUIUAUAIY Mean-record

Trained data Unknown data
ECG Beat Types | Number of | Correct Accuracy | Number of Accuracy
Correct Beat
ECG beats Beat (%) ECG beats (%)
Normal 1000 1000 100 1000 997 99.7
LBBB 1000 1000 100 1000 998 99.8
RBBB 1000 960 96 1000 965 96.5
APC 753 744 98.80 753 736 97.74
PVC 1000 998 99.8 1000 982 98.2
Pace 1000 1000 100 1000 999 99.9
Total 5753 5702 99.11 5753 5677 98.68




" o ¥ o . A L)
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finsHnaeuTuM (no local optimization)
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Trained data Unknown data
ECG Beat Types | Number of Accuracy | Number of Accuracy
Correct Beat Correct Beat

ECG beats (%) ECG beats (%)
Normal 1000 999 99.9 1000 1000 100
LBBB 1000 999 99.9 1000 998 99.8
RBBB 1000 805 80.5 1000 788 78.8
APC 153 734 97.48 753 721 95.75
PVC 1000 990 99 1000 987 98.7
Pace 1000 1000 100 1000 999 99.9
Total 5753 5527 96.07 5753 5493 95.48

W
lumsnaassas ldiivzdlumsnageu Insaiehiimdosniwedials lasnisnaaoy

° : 1 = = s ; a a '
$1u9u 10 ATIazmIARAsYDI)oSIFUARINgNABINENATE U TZAN TN IWYRS IAT Y

vy o @ o < = @ o
Taolddoyaudsrumsnaassluasiai 5.7 Ganseh 5.9 asee lui

15137 5.10 van1sswundszianaau il Tasld waN uuuiins lsuuldangads

¥ ¥
AnaeuiuAuAIu Mean-class 1aUNAADINIUIY 10 AT

&

2 nlosiFudniugndes Tauld Mean-class
i Unknown Test Accuracy (%) Known Test Accuracy (%)
1 98.61 99.51
2 98.49 99.04
3 98.42 99.22
4 98.31 98.89
5 98.23 99.06
6 97.67 98.28
7 97.53 98.57
8 97.36 97.51
S 97.36 98.80
10 96.84 97.48
Average 97.88 98.64
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] & & o { A
aai 5.11 samsswundszanadu il laold wan wuviinislsun)dangads

v ¥
Hnaoududude Mean-record 1asnAands LU 10 AT

P wlesiFudnugndes Tauld Mean-Record
e Unknown Test Accuracy (%) Known Test Accuracy (%)
1 99.22 99.70
2 99.20 99.62
3 99.08 99.67
) 99.03 99.43
5 99.03 99.70
6 98.90 99.24
7 98.85 ) 99.48
8 98.79 99.55
9 97.97 98.89
10 97.93 98.78
Average 98.80 99.41

" . v
a11an 5.12 wamsswundszanaau Tudniale Taeld wnn vy lufimsAnaeududu Tao

v
NAADIVIUIU 10 AFY

P nlosFudnnugndeuunit hifimsinaeutiudy
e Unknown Test Accuracy (%) Known Test Accuracy (%)
1 96.87 ' 98.05
2 96.70 97.55
3 96.52 97.55
4 96.44 97.01
5 96.23 97.08
6 95.60 97.46
7 95.60 97.05
8 95.17 96.47
9 94.47 96.11
10 94.46 96.09
Average 95.81 97.04




86

- - - da .;I s v ™ «a & w
M13194N 5.13 lﬂiﬂutﬂﬂunaﬂ1iﬂﬂﬂﬂﬂﬂﬂﬂ1i ﬂﬁﬂu‘luﬂullﬂz.lnnﬂ]i NTDUIUAU

Percent of Accuracy (Min - Max %) Average of the accuracy (%)
Pre-training Method
Unknown data Unknown data | Known data
(Optimization) Known data testing
testing testing testing
By mean-class 96.84 - 98.61 97.48 - 99.51 97.88 98.64
By mean-record 97.93 - 99.22 98.78 - 99.70 98.80 99.41
None pre-training 94.46 - 96.87 96.09 - 98.05 95.81 97.04

n’f, - 3 °
nnMsnaane Iaons 1933 msAnaouvuAuFIezi 1149103 19 Mean-record 11711

o < i
msfnaoutudueg ldnlefidudnnugndeaniniga

m91an 5.14 wamsswuntlszianaau Iihiiale 6 vile Tasmsadudeyanisinaonuas

nag Elljﬂy’.ltl WNN ?ﬂ% Mean-record

Data validation (%) lﬂaﬂ%uﬁmmqnv’faa (%) Training time
Training Testing Unknown Test Known Test (Minute: Second)

10 90 97.65 99.04 0:12
20 80 97.97 99.60 0:25
30 70 97.69 98.69 0:37
40 60 98.74 99.36 0:50
50 50 99.20 99.75 1:01
60 40 98.14 i 99.07 1:14
70 30 98.15 98.64 1:26
80 20 98.92 99.26 1:49
90 10 98.30 99.29 1:51

Average 98.42 99.08 1:02

5.2.4 minaaeslasmiuyiavesnaulvlvhfilolumsswunlsziandas WNN
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Tumsnaassiin ldmuanuulssiuvesdeyaliinniusindeyanauIniiala
voadihw 6 wila ilu 12 wila (9deyaidvrduminanealuriafe 5.1.4) Tavldlasave
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dszamifouuuy1Himin dwaawwalumisisi 5.5 v ldhdeyan 1d5umsinasu
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M13197 5.15 wamssuundszanaau IWfhiale 12 viialas WNN uazifSouiounaniins

Vv v
Hnaoududuuaz lutimsHnasuisudy

§R 14 19 mean-class Tuns | 19 mean-record Tums .
ECG v ’ TisimsHnaeududu
nadoU HAnaoududuy Hneouiudu
Types
(beats) [1un'la (beatsfAC ()11 14 (beats)YAC (©6)Ewun1A (beats)AC (%)
Normal | 1005 1004 99.90 1005 100 1005 100
LBBB | 1003 1003 100 1003 100 1003 100
RBBB | 1003 963 96.01 980 97.71 802 79.96
APC 757 734 96.96 735 97.09 721 95.24
PVC 1007 979 97.22 980 97.32 971 96.43
PACE | 1002 1001 99.90 1001 99.90 1001 99.90
AAPB | 75 22 29.33 30 40 16 21.33
NPB 43 0 0 5 11.63 0 0
FVNB | 369 318 86.18 298 80.76 286 77.51
NEB 116 87 75 98 84.48 40 34.48
VEB 53 22 41.51 26 49.06 0 0
FPNB | 131 111 84.73 115 87.79 106 80.92
Total | 6564 6244 95.12 6276 95.61 5951 90.66
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- |
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BIH 910m15137 5.16 vz 183101519 Tnssirolszamifioni I nauemusadwun
Yszinnaau Ifnileiusz@ninminn Taoii Tassioszamifeunuuunsdoundy (8p-
NN-SCG) aeiilsz@nnminnniimsi§lassholszamidonuuyiwin (NN uads
otslsiinm Tnseviodszamiioy 1himindlnmlunsflnaouooninnn Fuiluya
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luduvesandsusuaitldmnmsandeyad1w35voa Discrete Wavelet Transform
(OWT) [7] wazlddmiwundoyaiiulaswiolssamifivusuaoiu nann13ved DWT BP-
ANN z1$doyaiidauuiludm@sadwom 9o yadoyasmiuyaveanauluiniileszndng
R peak fiountiuiaznia (RR-interval) iandas DWT wiudnimau 23 yadeya Fuihuisild
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Methods Number of beat types Accuracy (%)

WNN-Opt. (mean-record) 12 95.61
WNN (None) 12 90.66
SCGBP-NN (300 i) 12 96.83
SCGBP-NN + Fisher’s ratio (140 1) 12 95.87
WNN-Opt. (mean-record) 6 98.8
WNN (None) 6 95.81
SCGBP-NN (300 i) 6 99.19
SCGBP-NN + Fisher’s ratio (140 i) 6 98.79
Fisher-FCM [3] 6 98.14

FHyb-HOSA [4] 7 96.06%
DWT BP-ANN[7] 13 96.79
MLP1 [8] 2 90%

MLPI [8] 13 84.50%
MLP2 [9] 12 92%

SOM-SVD [10] 4 92.20%

MLP-LVQ [11] 2 96.80%
MLP-Fourier [12] 3 98%
LDA+ANN [32] 7 96.36
LDA+FIS [32] 7 91.73
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ABSTRACT

This paper presents the ECG classification using neural networks and Fisher's
discriminant. The raw ECG data of twelve classes composed of 300 points in cach beat
are taken from MIT-BIH database. Fisher’s discriminant is used to reduce the dimension
of data by dividing them in two parts. In the first part, only 140 sample points of raw data
corresponding to the maximum ratios of the variance between class and the variance
within class are chosen. In the second part, only 11 data points are obtained from
changing basis in the Fisher’s discriminant method. The total 151 data points are used as
the inputs to the feed-forward neural network. The network is trained with scaled
conjugate gradient back-propagation. Three different training sets, the raw data set of 300
sample points, the maximum Fisher’s ratio data set of 140 points and the mixed data set
of 151 points, are compared. The experimental results show that testing with the
unknown data by the first training method gives 96.83% accuracy, while training with the
maximum ratios reaches 95.87% accuracy and 95.61% with the mixture set. Therefore,
this paper has shown the new method to reduce data with acceptable performance.

Keywords: ECG classification, neural network, Fisher’s discriminant. °

INTRODUCTION

The electrocardiogram (ECG) is a graphic record of the direction and magnitude of the electnical activity that is generated by
depolarization and repolarization of the atria and ventricles. One cardiac cycle in an ECG signal
consists of the P~QRS-T waves. The analysis of the ECG has been widely used for diagnosing
many cardi diseases, The most difficult problem faced by today’s automatic ECG analysis is
the large varation—ia the morphologies of ECG waveforms, not only of different patients of
patient groups but also within the same patient. The ECG waveforms may differ for the same
patient to such extend that they are unlike to each other and at the same time alike for different
types of beats. This is the main reason that the beat classifier, performing well on the training
data, behaves badly when presented with different patients ECG waveforms.
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Figure 1. Normal ECG beat types in record No.100, 117, 121,212, 219, and 234,

Several algorithms have been developed in the literature for the detection and classification
of ECG beats [1], [2] which various algorithms used ECG beat in the same class from only one
person or record for training and testing those systems, in fact it may be unable to use in real
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situation due to the above-mentioned reason. The differences of ECG beats in the same class are
presented in Figure 1.

In the remainder of this paper, an overview of preprocessing algorithm for ECG data is
firstly presented. Then, the feature extraction through the Fisher’s discriminant and Fisher’s
ratios is described in the next section. After that, the neural network is presented. The training
and testing process for each class of ECG are given next. Finally, the work is concluded and the
suggestion for the future.

PREPROCESSING

In this paper, ECG signal from Modified Limb Lead II (MLII) are chosen for processing due
to they mostly found in the database. The recordings are digitized at 360 samples per second per
channel. Each record has its respective annotation file that indicates the class of the heartbeat.
We select different abnormal QRS complexes from several records. It is noticed that, there are
twelve types of QRS complexcs appeared frequently in the database. Therefore, we mainly deal
with these twelve types heartbeats which include normal beat (Normal), left bundle branch
block beat (LBBB), right bundle branch block beat (RBBB), paced beat (PACE), premature
ventricular contraction (PVC), atrial premature contraction (APC), nodal (junctional) premature
beat (NPB), fusion of ventricular and normal beat(FVNB), aberrated atrial premature
beat(AAPB), nodal (junctional) escape beat(NEB), ventricular escape beat(VEB), and fusion of
paced and normal beat(FPNB).

In the preprocessing phase, the continuous ECG signals must be separated into many
segments which contain only one heartbeat. The extracted data of ECG complexes are centered
around R peak, we have selected the segment of 345ms before and 486ms after. The R peak at
the 125th point is detected using the Pan and Tompkins algorithm [3]. Thus, each segment must
contain only one ECG heartbeat. Figure 2 shows typical waveforms of the twelve types of ECG
segments described above.

Figure 2. Typical waveforms of the twelve types of ECG segment.

FEATURE EXTRACTION
Fisher’s Discriminant

Fisher’s Linear Discriminant (FLD) [4], [5] is a widely used method for featurc extraction
and dimensionality reduction in pattern recognition. Fisher’s idea is based on seeking projection
direction W that separates the class means well (when projected onto the direction W) while
achieving a small variance around these means. Mathematically, FLD selects the projection W
in such a way that the ratio of the between-class scatter matrix and the within-class scatter
matrix is maximized.

For a c-class problem, the between-class scatter matrix is defined as

SB =§Ni(#j_#)(ﬂi_ﬂ)r (I)
and the within-class scatter matrix as
Sy = Z Z (x, = Nx, _/-[.')T (2)
i=] x;eX;
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Where y; is the mean sample of class Xj, is the mean sample of all classes, and W, is the
number of samples in class X;. If Sy is nonsingular, the optimal projection W,y is chosen as a
matrix with its orthonormal columns that maximizes the ratio of the determinant of between-
class scatter matrix to the determinant of within-class scatter matrix obtained from the projected
samples, i.e.,

|WTS,,W|
Wap:=3fgmgxm
=[m w . wa] (3)

Where {wji=1, 2,...,m} is the set of generalized eigenvectors of Sz and Sy corresponding to the
m largest generalized eigenvalues {4li=1, 2,...,m}, where
S,w, =AS,w, i=12,..m (4)

Fisher’s Ratios

This is a new method to find maximum point applied from Fisher’s discriminant method
without projection to the new basis and can be described as follows,
the variance between classes is

V, = }:l(p, - u)? (%)
the variance within class is
V=2, 2, o =s) (6)
i=l el

Where g is the mean samples of class X;, u is the mean sample of all classes, x is subset of X;
and Fisher’s ratios can be found V3 divided by V.
NEURAL NETWORKS

The neural network used in this paper is multilayer back-propagation [6]. A three-layer
back-propagation ncural network has been trained to verify the ECG containing with 300,140,
and 151 input nodes, which depend on the preprocessing methods, and 35 hidden layer nodes
together with 12 output nodes. Tangent Sigmoid transfer function is used in all layers. The
neural network is trained by Scaled Conjugate Gradient method. This training algorithm has
been developed from Levenberg-Marquardt algorithm and Conjugate Gradient algorithm [7] to
decrease time consumption and also uses less memory than Levenberg-Marquardt algorithm.
The structure of the multilayer neural network is shown in Figure 3,
The weight @), is updated in the k-th training cycle according to the following equation.

a0,k +)=ha, () + (-Pap, K

The parameters « and yare the learning rate and the momentum factor respectively. The Scaled
Conjugate Gradient algorithm defines as

rk+l = -_gl.w-l (8)
2
r+ e PR
ﬂt:|talrk1t 9)
Pi 7
B, =lhat B (10)

Where p and g are the search direction and gradient respectively.
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Figure 3.  Structure of the multilayer neural network.

EXPERIMENTAL RESULTS

In the experiment, twenty-seven difference patients taken from MIT-BIH arrhythmia database
[8] have been considered, patients numbered 100, 107, 109, 111, 113, 114, 116, 117, 118, 119,
124, 200, 201, 202, 207, 208, 210, 212, 213, 217, 219, 221, 222, 228, 231, 232, and 234. The
ECG beats being classified are separated into two groups: one used in the learning and the other
used in the testing mode. Each feature vector of ECG beats is a vector of 300, 140, and 151
dimensions obtained from the preprocessing and feature extraction process described
previously. As in Figure 4, the Fisher’s ratios comparison of all ECG types shows that the
maximum ratios locate around S and T of ECG waves. Only Normal type data sets are shown in
Figure 5. The Fisher’s ratios data set is shown in Figure 5b. In Figure Sc, the new basis data set
obtained from projecting the raw data of 300 dimensions onto a new basis W,,. Figure 5d is a
combination of the Fisher’s ratio data and the new basis data set.

Training Process

In the training process, the ECG feature vectors obtained from the 300 points of raw ECG data
and the 140 points from the Fisher’s discriminant technique together with the mixed data set of
151 points are compared. Twelve types of ECG according to Normal, RBBB, APC, LBBB,
PVC, PACE, AAPB, NPB, FVNB, NEB, VEB, and FPNB are trained by dividing the training
data sets into 10, 30, 50, 70, 90 and 50 percent of alternate odd data.

Al Type ECG Beat (&)

a
5 g g
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< < <
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Figure 4. The comparison of all Figure 5. The Normal data sets, (a) is the raw
ECG beats with Fisher’s ratios. data of Normal beats, (b) is the maximum Fisher’s
ratio data set of 140 points, (c) is the new basis
vectors from Fisher’s discriminant process, and
(d) is the mixed data set of 151 points.
Testing Process

In the testing process, the unknown feature vectors are taken from the rest of the database. The
data are processed in the same way as in the training mode. The comparison results of the three
different preprocessing methods are shown in Table 1.
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Table 1. - The classification results of the three preprocessing methods.

ECG Percent of Percent of
Types Number | accuracy from |Percent of accuracy| accuracy from
ype RAW from Fisher’s ratio MIX
INormal 6025 99.14 98.12 97.46
LBEBB 6015 99.72 99.67 99.58
RBBB 6015 95.91 92.70 92.34
APC 4540 97.80 95.70 95.55
PVC 6035 96.35 96.82 96.60
PACE 6010 99.92 99.90 99.90
AAPB 449 67.71 43.88 52.78
NPB 256 73.05 93.36 87.11
FVNB 2212 89.51 90.10 89.29
NEB 693 05.53 95.24 95.67
VEB 317 70.03 68.77 61.51
FPNB 785 95.29 94.90 94.65
Total 39352 96.83 95.87 95.61

*RAW: raw data, MIX: mixed data set.
The number of ECG beats from each type is not equal because of the limitation of the database.

CONCLUSION

The new technique of ECG classification utilizing the dimension reduction, Fisher’s
discrimination, and the neural network have been shown with the acceptable results. The feature
sets have been carefully chosen to provide enough information and good accuracy. The method
of changing basis by the Fisher’ discriminant analysis does not give any information to the
network. Therefore, the accuracy of the mixture set does not improve just being acceptable
performance. In the future, the processing speed will be improved by the weightless neural
network [9].
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In this paper, we propose a new algorithm for ECG classification that is more generalization
to the marphological variation of ECG. The n-tuple networks have predominantly been used as
fast pattern classification with an ability of generalization. To decrease computational time of the
network, we optimized the network synapses by connecting to data that give high values of the
Fisher&#8217;s ratio. Since the n-tuple neural networks receive the binary input so we have to
transform all ECG signals into binary patterns. We use the Hold-out method for simulating the
experiment. The experimental results show that classification by the weightless neural network
gives 95.61% accuracy.
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ECG CLASSIFICATION USING WEIGHTLESS NEURAL NETWORKS
BASED ON FISHER’S RATIO EXTRACTION

Chakrawal Ariyasaranee', Yuttana Kitjaidure'
'Faculty of Engineering, King Mongkut’s Institute of Technology Ladkrabang, Ladkrabang, Bangkok, Thailand

ABSTRACT

In this paper, we propose a new algorithm for ECG
classification that is more generalization to the
morphological variation of ECG. The n-tuple networks
have predominantly been wused as fast pattern
classification with an ability of generalization. To
decrease computational time of the network, we
optimized the network synapses by connecting to data
that give high values of the Fisher's ratio. Since the n-
tuple neural networks receive the binary input so we have
to transform all ECG signals into binary patterns. We use
the Hold-out method for simulating the experiment. The
experimental results show that classification by the
weightless neural network gives 93.61% accuracy.

1. INTRODUCTION

The electrocardiogram (ECG) is a graphic record of the
direction and magnitude of the electrical activity that is
generated by depolarization and repolarization of the
atria and ventricles. One cardiac cycle in an ECG signal
consists of the P-QRS-T waves. The analysis of the ECG
has been widely used for diagnosing many cardiac
diseases. The most difficult problem faced by today's
automatic ECG analysis is the large variation in the
morphologies of ECG waveforms, not only in different
patients of patient groups but also within the same
patient. The ECG waveforms may differ for the same
patient to such extend that they are unlike to each other
and at the same time alike for different types of beats.
This is the main reason that the beat classifier,
performing well on the training data, behaves badly when
presented with different patient ECG waveforms.

Several algorithms have been developed in the
literature for the detection and classification of ECG
beats [1], [2], which various algorithms used ECG beats
in the same class from only one person or record for
training and testing those systems. In fact it may be
unable to use in real situation due to the above-mentioned
reason. The differences of ECG beats in the same class
are presented in Figure 1.

In the remainder of this paper, an overview of
preprocessing algorithm for ECG data is firstly presented.
Then, the feature extraction through the Fisher's
discriminant and Fisher's ratios is described in the next
section. After that, the weightless neural network is
presented.
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Figure 1. Normal ECG beat types in record No.100, 117,
121,212, 219, and 234,

The training and testing process for all class of ECG are
given next. Finally, the work is concluded and suggested
for the future work.

2. PREPROCESSING

In this paper, ECG signals from Modified Limb Lead II
(MLIT) are chosen for processing due to they mostly
found in the database. The records are digitized at 360
samples per second for each channel. Each of the récords
has its respective annotation file that indicates the class of
the heartbeats. We select different abnormal QRS
complexes from several records. It is noticed that, there
are twelve types of QRS complexes appeared frequently
in the database. However, we mainly deal with only six
types of heartbeats which include normal beat (Normal),
left bundle branch block beat (LBBB), right bundle
branch block beat (RBBB), paced beat (PACE),
premature ventricular contraction (PVC), atrial premature
contraction (APC).

In the preprocessing phase, the continuous ECG
signals must be separated into segments cach of which
contains only one ECG heartbeat. The extracted data of
ECG complexes are centered around R peak, we have
selected the segment of 345ms before and 486ms after.
The R peak at the point 125" is detected using the Pan
and Tompkins algorithm [3]. Figure 2 shows typical
waveforms of the six types of ECG segments described
above.
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The set of all ECG data is normalized with equation
(1) and converted to a binary image of 200x300 pixels as
shown in Figure 3.

k) = Vi
}”'(k)=——y( Yma x N )
max ~ Ymin

Where v*(k) is the sample point at position k, Vay, is
the minimum value of ¥, Ve is the maximum value of y
and N is the size of binary images depending on the
owner definition.

3. FEATURE EXTRACTION

Fisher's Linear Discriminant (FLD) [4], [5] is a widely
used method for feature extraction and dimensionality
reduction in pattern recognition. Fisher’s idea is based on
secking projection direction W that separates the class
means well (when projected onto the direction W) while
achieving a small variance around these means.
Mathematically, FLD sclects the projection W in such a
way that the ratio of the between-class scatter matrix and
the within-class scatter matrix is maximized.

This work proposes a new technique to find the
maximum information via the Fisher's discriminant
method without projecting to the new basis as described
below.

The variance between classes ( Sf, ) is defined as

c 2
Sp=2 (i -u) @

i=1

. o 2 <.
, the variance within class ( Sy ) is

e
2= (n-u). @
i=l x,eX,

Where g is the samplec mean of class X, u is the
sample mean of all classes, x; is subset of X, and the
Fisher’s ratios ( FR ) can be found by

FR=S3/S; . (@

The interpretation of this ratio can be explained by
considering S and Sy in Figure 4. The maximum ratio
occurs when Sy is large comparing with Sy. The larger Sp
indicates the information between the class is so much
different hence, we can distinguish each class easily. The
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Ridord No 212
W
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Figure 3. Binary images of the Normal beats at N=200.

Bmple Point

smaller 8y indicates the information within the class has
small variance as the criteria of a good shape
representation should have. :

Figure 5 shows the Fisher’s ratio at each sample point
of ECG data. We choose the top most significant Fisher’s
ratio as the optimum position to be connected for the
weightless neural network.

4. CLASSIFICATION

Conventional n-tuple systems [6] [7] have the desirable
features of super-fast single-pass training, super-fast
recognition and conceptual simplicity. In the n-tuple
machines. the basic model of a neuron is a standard
random access memory (RAM) working as content-
addressable memory [8].

The n-tuple is composed of a single layer feed
forward as shown in Figure 6.The inputs to the neuron
are binary values, which are used to form an address to
the RAMs, while the output of the neuron is the class
value stored at this address. By this configuration, the n-
tuple network will have ability of generalization.

In the training phase, all RAM locations are initially
cleared or in undefined-state (u-stare) as shown in the
Figure 7. The n-tuple network training is a single-pass
process in which cach discriminator is trained
individually on a set of patterns as a content-addressable
memory. During the training, all addresses of the n-tuple
nctwork that are pointed by the training parameters of the
pattern are set to ‘1. This process is repeated until all

- patterns of the training data are trained.

Testing the n-tuple network is performed by
presenting an unknown pattern to the network inputs. The
Hamming distance (HM) proposed by Allinson and
Kolcz [9] is used to measure the difference between the
unknown binary bit strings and the stored memory. The
content at which the address gives the nearest HM will
fire to the output.

In this work, we apply a global generalization
technique with zero HM to recall the network output. The
outputs of all nodes firing the same class are counted.
The greatest number of the output classes is the response
of the network. So, the unknown ECG image is assigned
to the most significant class via the maximum voting
method.
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5. EXPERIMENTAL RESULTS

In the experiment, twenty-one different patients
numbered 100, 107, 109, 111, 116, 117, 118, 119, 124,
200, 207, 208, 212, 213, 217, 219, 221, 228, 231, 232,
and 234, taken from MIT-BIH arrhythmia database have
been considered. The ECG beats being classified are
separated into two groups: onc used for learning and the
other used in the testing mode. Each feature vector of the
ECG beats is the vector of 300 dimensions obtained from
the preprocessing and feature extraction process
described previously. Each class of the training data
consists of 600 beats and the same number for the testing
data as well.

The network contains 100 tuples with 15 fan-ins.
Each tuple produces 1 score therefore the network has the
maximum score at 100 points.

In the ECG classification process, the node outputs
consist of six different classes. The highest score
represents the class that the network responds. Figure 8
shows the average scores of each class comparing with
the other classes. The results in Figure 8 (a), (b), (c) and
(d), represent small differences of the scores, which
indicates that they are hardly classified while Figure 8 (c)
and (f) show the larger differences which are classified
easier.
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Figure 6. Structure of the weightless neural network.
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Figure 7. U-state of the weightless neural network.

The experiment results of the different cardiac
diseases collected from the simulation so many times are
presented in Table 1. The efficiency of the classification
of the unknown data is 95.61%. The results have been
compared with those reported in the literature. The
comparison is made with different types of beat
recognition systems [11] as shown in Tabie 2.

6. CONCLUSIONS

The ECG classification using the weightless neural
networks has been proposed in this paper. We optimized
the network synapses by using the Fisher's ratio
technique. The network inputs are partially connected to
some positions of the data that give the highest Fisher's
ratio. The results have shown the acceptable level of
accuracy. However, the weightless neural network
operation is still faster than the conventional neural
networks because the learning process occurs in one
iteration and it does not need the transfer function as the
conventional networks. For these reasons it becomes a
very interesting network. We are going on improving the
network with local generalization for more accuracy.
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Figure 8. The testing scores of unknown data.
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Table 1. The experimental results.

BOG Beat Trained data Unknown data
Types Number | Carrect | Accuracy { Number| Correct | Accuracy
of beats| Beats (%) of beats | Beats (%)
Normal | 8435 8435 100.00 8435 8362 99.13
LBBB | 8421 | 8421 | 100.00 | 8421 | 8409 | 99.86
RBBB 8421 8419 99.98 8421 7251 86.11
APC | 6363 | 6361 | 99.97 6363 | 5642 88.67
PVC | 8449 | 8449 | 100.00 | 8449 | 8300 | 98.24
Pace 8414 8414 100.00 8414 8409 99.94
Total | 48503 | 48499 | 99.99 | 48503 | 46373 | 95.61

Table 2. The comparison of different ECG classifiers.

Method Arrhythmia types | Accuracy (%)
WLNN 6 95.61
DWT approach 13 96.79
USCL 5 98.02
MOE 4 94.00
FHhd-HOSA 7 96.06
FTNN k] 98.00
DFTI 10 89.40
DWTIL 10 97.00
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ABSTRACT

This paper presents the ECG classification using weightless neural networks (WNNs).
This neuron is a standard Random Access Memory (RAM) and trained on a single-pass
process with a set of patterns as a content-addressable memory. The optimization in this
work is unlike a conventional neural network that adjusts a weight through complicated
calculation, while the WNNs only adjust the synapses by changing a position of
connection instead. To optimize the synapses, the deviation of ECG beats is taken into
consideration. There are three steps in the optimization. First, the synapses of neurons are
connected randomly according to the normal distribution with a boundary limited to one
standard deviation (o) away from the ECG mean. Then, the network is trained by the
class means to set a state of the weightless neuron such that the content of the memory
must be labelled only one class in each address. Finally, if the content contains more than
one class in each address, the network will change the synapse positions randomly again
bv using Fisher’s ratio and the set theorv. The Fisher’s ratio, which is the ratio of
variance between classes and variance within class, is used to be the likelihood for
connection. Furthermore, the set theory is used to find the synaptic area from the
difference between classes (using A|B for two classes). In recalling process, the
Hamming distance (HM) is used to measure the difference between the unknown binary
strings and the stored patterns. The output that gives the nearest HM will fire the score
and the highest score is voted to an output class. In the experiment, the ECG data taken
from MIT-BIH database are classified into six classes. The results show our method gives
a good accuracy at 98.68%.

Keywords: ECG classification, Weightless neural networks, Fisher’s ratio.

INTRODUCTION ‘

The electrocardiogram (ECG) is a graphic record of the direction and magnitude of the
electrical activity that is generated by depolarization and repolarization of the atria and ventricles.
One cardiac cycle in an ECG signal consists of the P-QRS-T waves. The analysis of the ECG has
been widely used for diagnosing many cardiac diseases. The most difficult problem faced by
todgy’s automatic ECG analysis is a large variation in the morphologies of ECG waveforms, not
only of different patient groups but also within the same patient. The ECG waveforms may differ
for the same patient to such extend that they are unlike to each other and at the same time alike
for different types of beats. This is the main reason that the beat classifier, performing well on the
training data, behaves badly when presented with different patients ECG waveforms.
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Several algorithms have been developed in the literature for the detection and classification of
ECG beats [1] [2] [3] which various algorithms used ECG beat in the same class from only one
person or record for training and testing those systems, in fact it may be unable to use in

real situation due to the above-mentioned reason. The differences of ECG beats in the same class
are presented in Figure 1.
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Figure 1. Normal ECG beat types in record No.100, 117, 121, 212, 219, and 234.

In the remainder of this paper, an overview of preprocessing algorithm for ECG data is firstly
presented. Then, the feature extraction through the statistic theory, the Fisher’s ratios and the set
theory are described in this section. After that, the weightless neural network is presented. The
training and testing process for each class of ECG are given next. Finally, the conclusion and the
suggestion for the future are given.

PREPROCESSING

In this paper, ECG signal from Modified Limb Lead II (MLII) are chosen for processing due
to they mostly found in the database. The recordings are digitized at 360 samples per second per
channel. Each record has its respective annotation file that indicates the class of the heartbeat. We
select different abnormal QRS complexes from several records. It is noticed that, there are twelve
types of QRS complexes appeared frequently in the database. Therefore, we mainly deal with
these twelve types heartbeats which include normal beat (Normal), left bundle branch block beat
(LBBB), right bundle branch block beat (RBBB), paced beat (PACE).

In the preprocessing phase, the continuous ECG signals must be separated into many segments
which contain only one heartbeat. The extracted data of ECG complexes are centered around R
peak, we have selected the segment of 345ms before and 486ms after. The R peak at the 125th
point is detected using the Pan and Tompkins algorithm [4]. Thus, each segment must contain
only one ECG heartbeat. Figure 2 shows typical waveforms of the twelve types of ECG segments
described above.

The set of all ECG data is normalized with equation (1) and converted to a binary image of
300x200 pixels as shown in Figure 2 (b).

k) = Vo
},.(k)zy() Ymin N7 )

max = ),I'I'III'I

Where y*(k) is the sample point at position K, Ymin 1S the minimum value of y, Y., is the
maximum value of y and N is the size of binary images depending on the owner definition.
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(a) (b)
Figure 2. (a) Typical waveforms of the six types of ECG beats and (b) binary images of
the Normal beats at N=200.

FEATURE EXTRACTION

Feature extraction is essential in works of pattern classification and recogmtlon since the raw
data are difficult to classify and consume a lot of space in memory. So, the feature extraction will
take only important information and at the same time also reduce dimension of the data.
Therefore, the systems will use less time and memory to proceed.

Statistical

Statistics is important in the field of engineering by allowing us to analyze collected data.
Some examples of statistical parameters are an average value (mean), standard deviation, z-scores
and Gaussian distribution, as shown in equation (2) to (5), respectively.

M

B= X, ‘ (2)

1
m

i

_ L Sty
va_I;(X, H) (3)

TH=ptz-o (4)
_ | (x—p)’ e -
Sx)= oo exp(- 3 ), —©<x< (5)

This work uses the statistical parameters to limit a boundary of the synaptic connection as
shown in Figure 3 (b). The dash lines are the border of the standard deviations from the mean
which defines by z = £1.

Fisher’s Ratios

Fisher’s Linear Discriminant (FLD) [5] is a widely used method for feature extraction and
dimensionality reduction in pattern recognition. Fisher's idea is based on seeking projection
direction W that separates the class means well (when projected onto the direction W) while
achieving a small variance around these means. Mathematically, FLD selects the projection W in
such a way that the ratio of the between-class scatter matrix and the within-class scatter matrix 1s
maximized.
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This work proposes a new technique to find the maximum information via the Fisher’s
discriminant method without projecting to the new basis as described below.

w

The variance between classes (S ) is defined as

C
Sa=2 (s-n) (6)

i=1

, the variance within class (S,i-) is

C
Sp=2 > (x-u). (7

i=l xekX,

Where g, is the sample mean of class X, p is the sample mean of all classes, x; is subset of X;

and the Fisher’s ratios (FR) can be found t\K
FR=S,/S, . ' @)

The interpretation of this ratio can be explained by considering S and Sy, in Figure 3 (a). The
maximum ratio occurs when Sg is large comparing with Sy. The larger Sy indicates the
information between the classes is so much difference; hence we can distinguish each class
easily. The smaller Sw indicates the information within the class has a small variance as the
criteria of a good shape representation should have.

Figure 3 (b) shows the Fisher’s ratio at each sample point of ECG data. We choose the top
most significant Fisher’s ratio as the optimum position to be connected for the weightless neural
network.
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Figure 3. (a) The Fisher’s ratios of ECG and (b) the synapses connection according to the
ratio.
The set theory

The set of ECG beats is bounded by standard deviation with z = +1 away from the ECG mean,
as shown in Figure 4 (a). The method to separate the individuality of the ECG sets calculates by
equation (9) to (14). The results show in Figure 4 (b).
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A - (LURUAUVUP) (12)
V - (LLURUAUVUP) _ (13)
P - (LURUAUVUP) ’ (14)

WEIGHTLESS NEURAL NETWORKS

The weightless neural network [7] [8] is known as conventional n-tuple systems [9] [10] [11]
having the desirable features of super-fast single-pass training, super-fast recognition and
conceptual simplicity. In the n-tuple machines, the basic model of a neuron is a standard random
access memory (RAM) working as content-addressable memory [12].

The n-tuple is composed of a single layer feed forward as shown in Figure 5 (a).The inputs to
the neuron are binary values, which are used to form an address to the RAMs, while the output of
the neuron is the class value stored at this address By this configuration, the n—mple network will
have ability of generalization.

In the training phase, all RAM locations are initially cleared or in undefined-state (u-state) as
shown in the Figure 5 (b). The n-tuple network training is a single-pass process in which each
discriminator is trained individually on a set of patterns as a content-addressable memory. During
the training, all addresses of the n-tuple network that are pointed by the training parameters of the
pattern are set to ‘1°. This process is repeated until all patterns of the training data are stored.

Testing the n-tuple network is performed by presenting an unknown pattern to the network
inputs. The Hamming distance (HM) proposed by Allinson and Kolcz [13] is used to measure the
difference between the unknown binary bit strings and the stored memory. The content at which
the address gives the nearest HM will fire to the output.

In this work, we apply a global generalization technique with zero HM to recall the network
output. The outputs of all nodes firing the same class are counted. The greatest number of the
.output classes is the response of the network. So, the unknown ECG image is assigned 1o the
most significant class via the maximum voting method.
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Figure 4. (a) The set of ECG data and (b) the synapses connection according to the set theory.

EXPERIMENTAL RESULTS

In the experiment, twenty-one different patients record numbered 100, 107, 109, 111, 116,
117, 118, 119, 124, 200, 207, 208, 212, 213, 217, 219, 221, 228, 231, 232, and 234, taken from
MIT-BIH arrhythmia database have been considered. The ECG beats being classified are
separated into two groups: one used for learning and the other used in the testing mode. Each
feature vector of the ECG beats is the vector of three hundred dimensions obtained from the

301

13® ANnual Symposium on Computational Science and Engineering (ANSCSE 13)
Kasetsart University, March 25 — 27, 2009



113

preprocessing described previously. Each class of the training data consists of one thousand beats
and the same number for the testing data as well.
Training Process

In this process, WNNs are set to twenty-five neurons and thirteen synapses. The resolution of
ECG patterns and the number of standard deviation from the mean are set to 300x500 pixel and
z=t], respectively.

Before training all ECG beats to the WNNs, the synapses are firstly optimized the position for
connecting in order to reduce misclassification because the network memories will collapse with
the different type of the ECG. The optimization will pre-train the means of ECG types to check
the empty content. If it is collapsed, it will clear the memory and change the synaptic connection
randomly again. The randomness will use probability density of the Fisher’s ratio along the x-axis
and the normal distribution along the y-axis, as shown in Figure 3 (b) (in the dot circles). Also,
the set theory provides the separation the ECG sets for further connections.

Testing Process

In this process, the unknown data will be tested. The synaptic connections are the same as in
the training process so as to make a bit vector of the unknown data of the ECG beats. The
unknown bit vector will point an address of the stored memory and check state of contents via the
HM in order to give a score for the unknown input data. After th t, the network will sum the
score to vote a class of output. The experiment results of the differcnﬁﬂaes of ECG are presented
in Table 1. The efficiency of the classification of the unknown data is 98.68%.

Neupoat |

Aok ) e

“ 000 . U-sae
N-wple Unknown pattern | | oo s |
T
=N Network ‘. — 20 —Uﬁ"ﬂ
N, ouput M B Neuron | {0 Uesate |
N e — —————
Z - 'ﬂ‘}gig = L 100§ Ueswte |
. # M. 9 {100 Ulsae |
; === neuron K- i e e

. - ; By, g el i 110 U-state
SN N NS R % E- SRl
Image ....N Address lines " Class values T U-state

(a) (b)

Figure 5. (a) WNN Structure and (b) U-state of the weightless neural network.
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Table 1. The results of the ECG classification using weightless neural networks.

Trained data Unknown data
E(—:l-(;;:at I:? ]ran gg C;rrec! Acc;racy I;J; g’ é’g Correct Acc:tracy

beats - (%) beats Beat (%)

Normal 1000 1000 100 1000 997 99.7
LBBB 1000 1000 100 1000 998 99.8
RBBB 1000 960 96 1000 965 96.5
APC 753 744 98.80 753 736 97.74
PVC 1000 998 99.8 1000 982 98.2
Pace 1000 1000 100 1000 999 99.9
Total 5753 5702 99.11 5753 5677 98.68

CONCLUSION

This work has proposed the ECG classification using weightless neural networks which
optimize the synaptic connection. The optimization process uses the mean of each ECG type for
pre-training in order to check a state of memory. The synapses are randomly adjusted by using
the Fisher’s ratio, normal distribution and the set theory in order to choose the best positions. This
network shows an easy structure and very fast training. The result of accuracy has reached
98.68%, which is high efficiency comparing with the literatures [14] and improving accuracy
from previous the work of 95.61% [15]. For the future work, we will find a better way to search
of the synaptic connection for good optimization.
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