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Abstract

The use of artificial intelligence in the process of diagnosing heart disease has been considered by
researchers for many years. In this paper, an efficient method for selecting appropriate features
extracted from electrocardiogram (ECG) signals, based on a genetic algorithm for use in an ensemble
multi-kernel support vector machine classifiers, each of which is based on an optimized genetic
algorithm is proposed. It has already been shown that due to its features (feature space mapping and
decision boundary maximization), support vector machine classification is one of the classification
methods that are suitable for any type of environment. This paper uses a number of multi-kernel
support vector machine classifiers as an ensemble classifier. ensemble diversity is created by teaching
each multi-kernel support vector machine classifier on a subspace (ie, a subset of features). In this
method, the majority vote method is used to combine the output of the categories. On the other hand, in
the classification of ECG signals, signals are usually used as their characteristics; As a result, since the
methods of classifying signals are faced with a large number of features, and not removing these features
creates a problem of high dimensions and also increases the computational for the intended application,
the step of selecting the feature is inevitable. The extracted features include temporal properties, AR,
and wavelet coefficients, the number of which will be optimized using a genetic algorithm. The
evaluation of this set of features selected by the genetic algorithm is examined by applying it to a
multivariate SVM. A genetic algorithm is used to optimize the parameters of each of the SVMs.
Indicates the desired method. With the help of computer simulation, the overall accuracy of the system
for identifying 6 types of heart rhythms is 99.15%, which in comparison with the accuracy obtained with
previous research, shows the optimal performance of the proposed method.

Keywords: ElectroCardioGram Signals, Feature Selection, Multiple Support Vector Machine, Esemble
classification, Genetic Algorithm.
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(Figure-1): A cycle of the ECG signal [13].
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(Table-1): Heart Rate [3]

Label Beat type
N Normal beat
L Left bundle branch block
R Right bundle branch block
A Atrial premature beat
A Abberated atrial premature beat
J Nodal(junctional) premature beat
S Supraventricular premature beat
\Y Ventricular premature beat
F Fusion of ventricular and normal beat
borl Ventricular flutter beat
J Nodal(junctional) escape beat
E Ventricular escape beat
F Fusion of paced and normal beat
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(Table-2): Violet Characteristics for Recognizing Cognitive
Components of ECG [6]
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(Figure-2): Trend of the algorithms and techniques used in the proposed method

g axlge S b JUKws Sloj slbo S5

CyoainS g j] LU adgi Bds -Y-)-Y
L NSNSt SRRTRE SIS -t
il 15 5 455 () 55 0m S 31,550,155 50
L 09l oo cely ddgi ol ol 350 003l o050 (0 g
Wy g WS S (S50 )55l LS ane
Dyl azlye JSie b JUiSKw Sloy sl Sy gl
atels i 6o ECG Ui cutid el Srgo
gl () Bd L5 0og (LS Srse sl 4 S
L G s oyl oan ,0 ECG S 51
K g 0als 2ol il aiey o 4y o ala>do
Sl (1) JS& 35800 Jol> plate g Cons sy
3OS e 31 oo adg aS aes o lis |y ECG

el 00l B> LAQT

OF 2be ¥V Ll 1P JLlo

Golpsdioy gy Y

oy ! Wit Jole mpasa G5l 0
Slayehl i b Gemen 5 wSloy goleiin
O 0l deleS s sy ol szl e S
JiSe bngin 2l meos & ol (G,
5 b Shy Sl g glinl & bape Jolie g
JiSs ganaile glp ool ganail Colydys
Szl i edie wby o)l @y g Jlog
2 oleing gy yo 4,84 (5d 5 lap 5Nl

ol 00l oaly ylas (V) JSo

ISy e Y-
Rl o ooy b LS Silopin pad (eSS
e 9 00,5 I Ceul aib jo Jold a5y pla 25y
Bi> zge 5l 1) 2 5 eyl Cemsns |y iSu 8 e



ECG signal with denaising ECG signal withowt dencising
3 . . . . . 20 . . . . .
2 B 4 ! |
10 ! i ! ]
4 | | ] . |
Y WO -...;-_,_..—\-_ll P WS | P — i |;- = I I
!
1 V H i ¥ H i | 1o H H R H
=] o5 1 16 2 25 (o] 05 1 18 2 25
Time (=) Time (=)
>0 ECG signal with dengising ao ECG signal without denocising
T 4 — 4
Oy -'-J ]'I\"“-,",- Wi, 20 r“n-'."]|'-’-\,u._." )
20 | |‘ Wi 1 o LI i 1
AL e T
-4 TR T ST R e -20 B By S T N
| T N VAT Y
S0 20 40 60 80 100 40 20 40 80 100
Frequency (Hz) Frequency (Hz)

3 i ECG signal without denoising
T ! r T T
2 2} I AN T—— .
1 e : |
1 : - : -
0 £ ol 4
K 0 Al H Sl ifd Andll gt 4
A I/ : f 1/ »
2 i i H H
2 M . e . o !
4500 5000 5500 6000 800 o 500 8000

ECG JUXew ¥ 50 (oS i 31 ol adgi B 1(Y- JSC)
(Figure-3): Breathing noise elimination in two ECG signals

" Pt M
- WW‘M At

Amplitude

—— Denoised Signal

—1500

—20005 5 3 75 = 2.5
Time (s)
G C}
35710 . 6422 10
X 10°
6.415
B = 2 C
6.41
25 2
%45 = e.a0s
P 2 = =
g . :
i 1 = 6.4
1.5 0.5 F\ =2
’ A WAAJvJM - 6.395
1 o
40 50 60 6.39
Frequency (Hz)
0.5 6.385
i
Ty 6.38 . : . . . .
OD 200 400 600 800 1000 o 0.5 1 1.5 2 2.5 3
Frequency (Hz) x

JUS Kyl a5 g ol (ol JUKws S5 s b5 (A) . ol dio ) S 30 530 bglas adgi anls (g S0l 1(F- JS)
ol 53wl JL&ww syl @T 9 ‘5Lo| JUKw W ud b o3 3Ly b5 (B) .5 o 459.1 RS o, o6 3kw 3L
Dg g0 4185 3Ly i 595l Alwgay adgi aold A B oo (LA 1y (guial B (! (C) .l
(Figure-4): Learning the amplitude of power line noise in a natural context. (A) The green line is the original signal and the blue

line is the reconstructed signal after removing the urban noise. (B) The green line represents the power signal spectrum and the
blue line represents the reconstructed signal. (C) indicates the process by which the noise amplitude is learned by the algorithm

A 125 heartboats B 79 hoartbeats

e B 5] b Adgi Bis> —F-)-¥
A Gy 5l (U abg Ll al> e (ol )0 ECG JUSms
db6 aly ab b Sy oo 5l ddg Bim gl o
B FO a5 YU (gla il )3 o1 51 oolil b g oy ooliceul

Ampiitide
Ampiitade

T

Samples i o Samples

Gio L ddgr Bis ol el o B> co3gs Jya VA~
T o e @ ys ol of yod ECG 104 JUruw :A (8- JS)

Gy gosls Bis 31 w ECG 104 JUSww B
J-ALM-' S adl wols AD-OY J—"Lw N aalb sbeosls (Figure-5): A: 104 ECG signal with outbound data

B: 104 ECG signal after deleti bound d
QV()V\‘ J—aLwV AAY J.AL..'F YEO- signal after deleting outbound data
1,ECG JUSiw (8) S ol 0393 03l YYAD ol U

Sloss .ol 0l r:l?u‘ ujﬁ.'s JJ-\.».) cd2 9 cd1 w‘)..a

OY 2ba V5Ll VP JLle



Qiags (Sl i Oluiniig )13 33 L paibilo Jl (Sreze S a5 )AL ECG JUSam 3 i3 (oispT (ius i

&

<

sslitwl GMM clo gl (EM) Uil (gjlwanies
a5 cowl (iterative) odigd )| ,S5 by, o 04 oo
Slp ety it b ooyl o8l Jlisa,
o9y wsSl nl ol gl mie S sla el
slopite 5l (S oS cul olaoley sl Jslae
21y 90l Gladiges sles EM aiies slon Solas
Ol 9 1y (sl @95 S b WS (oo (oxws 9 955 o0
el sladae ool Gl aes slr
Jlexl g pSojlal ulal o (2l Bygel slaosls
shls bglys 5l pan ad abol gasw 4 0955
gyl ) B 3l b Wl &5 wites Slleg
ALl e 5 ECG LS 5o Jsore slaglr ol
9 b lrale g xS &8 o w9 xSl Jlasl ( Slae
5 Swd Sy sloosls adly yo babys ol abl oy
como ol el 5 addl s gl 5l eolinl
Joe gl eoleiwl b jslaie oy ol cales ganadds
@ lnl gileaniy ((b) aml b (qwsS aisesl
@) IS5 sl bplbye o Sds g olulis
1y w55 azeel Joo Jlasl 5l g ouile (Bl sy
Solo &5 4 az g b oailo b slaglipo aps o LS
el 0 S B 0 4 bge aib
wiin slaplys ool o a5 950wy alaail

20,13 solew o 4 by e

JLKw gvankad -Y-Y
Gl pdigel 35, YO 40 oadlans ECG llas (ol jo
oy &il)) Jzms JiSw S plieds G 5 00
wla iy 4 ECG waei o wallhs ol ly o
oley aF el ool o0ld aladi daian  Jeba

5 o)l Sliges gum g L3 i L ocols alay
BT asle (JUKw oilop oo m,l5 5l 6 ke
sl ise 4 JUKw o5 cwl jlo kel ECG LS
JiS slospn 58 b o ol 995 s iS5
S 5l ol bl Slasine o Sy ollas) o
s l! Sy aS gl 5! g go plaeil ( uilS 3 L asels
Wigh oo adF L 0 colid sl S lsiea
ol JiSw @ s ol S Julow g 455
O30 g Al e lsiedy S e el L]
Bgdse odliinl Coliped JUSow ks g w25 ln

OF 2be ¥V Ll 1P JLlo

alyl adgi ey g (sladgs Cll> g0 j0 aS wws e lis
Sl ol JiEKs K o IS (] 0 sl ons
Ay Bl 5l e sddsilel S K, o) b3
g oo odalive (B) JSK& ;o aS aigS lad .l (5 4
o 00,5l A IS ;0 adgs 5l amr g S8 (soleidn i)
@losl 5l 5 Jod JESew ©)08 b (izen
dgy C Ceond (B) UKo )0 090 0 saalin B S0 5o
ools lis gy 5l el o Bas L adgs aials (5 50b

<
Sl e &5 cal bl Jow aseal Joo e
LS'L“)b Curoz 1) Ls\b‘u\.d O yg0dy ‘) >ooalice
(ol 5 g e brosalie SGST L K0 boaalis )
°"\';'.’.L°'; IDL'\S P as M)lo W}.’) 60‘.\&? AXL:
b aituel a5 s .ol adgl slasamlin I solaxs
2 leiil ©lp Jgemeysbay a5 > all 5 Scwlo
&8lgye 09l oo oolaul ‘_g)LJ &5 Sl Camez g
WS o 2ol 1) Comex 0 SO sl Shy mie o
S5 g Corexr > 4 2 doy 4 4SSl e
&9 &b B s wede bl (sl &e
& oty ISl B0l e Sy slf Szl SIS
p() = e 3T = NG 0)? »
2no ’
X asle Solas oy glp abaly ool aidbaswg JSo

] ) O g0y

ol Gloy M Solas Soy Xoakal, pl yo a8
Sl piie (bjlssS il D1 og (Solad sloprie
aS ogs s 3 cpl GMM 5l oolainl 03,501 .l Bolas
M Gaussian 51,5 4 lgs o ECG b 8 (L5
ool o9l Jue owsls 2 lp Koslal L


https://fa.wikipedia.org/wiki/%D8%AF%D8%B1%D8%B3%D8%AA_%D9%86%D9%85%D8%A7%DB%8C%DB%8C_%D8%A8%DB%8C%D8%B4%DB%8C%D9%86%D9%87
https://fa.wikipedia.org/wiki/%D9%85%D8%AA%D8%BA%DB%8C%D8%B1_%D9%BE%D9%86%D9%87%D8%A7%D9%86
https://fa.wikipedia.org/wiki/%D9%85%D8%AA%D8%BA%DB%8C%D8%B1_%D9%BE%D9%86%D9%87%D8%A7%D9%86

D)l (N Xp,Xp, e, Xpools & dgp dnkad glas

Sl d B I ECG JLiSew Sy Gilise sla i
5 saredd Coeal glls Ak o B 5 (b 5 gliie
Ohlas o ECGUSS a5 dlae ol sl S35
Lo ol ol sl 00,5 lacs g0 |, JSie 009 o
ST 5D QT G RR ;5 Jolsd Jobo 5 laals sloss caS”
b oy ool dbo oaiasslis 45 QRS Sl
5 oy (b Gl Dy easmoylis &S T zge LL
A o walizeo of 3
it gloel BL sln o0y, ECGgaanks
3 99790 0ps8 9 S glosl « QRS uSLoS™ P 9o aiils
s5hee el LAEVL L3 Ky opl Slo] 5l e ]
Cosi 1) QRS aasin YL Gl 8 sla Sy Fuie
s [, T g Poglyal coml lols 5 08 oo
Zlsel QRS Lawiis Jols ECG Julosigay 125 S o
daaiels da S Jlosisasos ol Jlisw 5 T 5 P
i (7 SD) Sl ol g (ond slacunBes
o SLaS QR (slade gazme 5 oaadll slaacgaze
pey b soaskd Guizea T g P oglesl 5 QRS
Sgd o0 485 ECG JUSow

)" LS“‘JL?.’Q s_f_v{l, 2,....T } oo slael (S S5
a8 s yobay sl =ttt )

o Jolg?
b oS [y + 1,60 5 [t + 1]ty + 1,]

slag! 0= to, tl' "'!tk—l < tk =T
bl ay tg, g, o, by olo) (pized g Dgud oo 0dunls
Slalad olass K aS (g 9bbds 0gd o aiaS dalad o5
XX g Xy Gloy gy aslyp 51 (g ke jo .2l
aS i {1,2, 0, T} s JLiods Lo g 090 o0 00ld
oalple s el
Sy gleany aJles S Glgreds Wilgh o (guankad

JO)gonaskd anze &b aS sbar 09l adS

D9 melalS ) 7 b WilgE e

J© =) dey, +1, b
k=1

xl,x2;---,xT)l:-é) ‘-")-“-"-’ L d"uaﬁ

D)

azkad glas for(0<s<t<T) gy YU akal, o
Olye b gy ganaskd el [5,6] w4 bgiye

Sl gnools slis tT =t t, ., by

t' = argmin.er(J(t)) f)

- | oy pag A ST P S
vi
I l l
| " v f L M 1T 4
VZ‘ v
a
— i ,_Alw oo of 4 oqnf,
v3 | 4
i iy
et A 1 “ 4 olle
vl i
T
[ r
s P oy ; P o/l
i I ]
= 35 o g s Pl PR -
v

+

g ax 4 v iy o
! i |
4 ' R — W *
gk T = o P ool 4
. ] |
| } 1
& | ‘
#|4 ol b ol e S | P
i | |
—o-d ——ropljs e P i
i 1 1
ol PR P o gllap" pealle J |

< oo .Cwl T zlgol &4 3w QRS (> zeosizzo a1 30,8 P Zlgol a4 by yo 0,3 Ky ECG JUKmw gucvazkad 1 glaigad :(F- )

el Zg0 il 4 by po & Cawl Fgo A Glimo 40 el Tgo £900 Lo &

(Figure-6): An example of medical segmentation. Yellow color corresponds to P waves, red to QRS complexes, green to T waves.
The symbol < means the onset of a wave, c means the wave peak, = corresponds to the offset of a wave.
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values of support vector machines based on genetic
algorithm
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(Table-5): Comparison of different methods with the proposed method on the MIT-BIH dataset

Method Feature set Classifier Effectiveness
=83%: =87%: =76%:
de Chazal et al. [45] ECG-Intervals, Morphological Weighted LD Acc = 83%; fFF,’: 8821 /f’ SP=T76%;
Acc = 90%; PP = 92%, SP =88%,
Soria and Martinez] 461 RR-Intervals, VCG, Weighted LD +P = 93%;
morphological + FFS
Llamedo and Martinez 147( Wavelet; + SFFS Weighted LD Acc = 93%;5);?:75;/0_; SP=T71%;
= 87%;
= 89%: = 89%: = 83%:
Mar et al. 148[ Temporal Features,; + SFFS Weighted LD Acc = 89%; EFF,’: 785%/f SP =83%;
; : SVM, IWKLR Acc = 97% (DS1);
Lin, C.-C. & Yang 149 ' ! '
i g 149( Morphological, Wavelet DTSVM Act = 92% (DS2)
Huang, et al.] 50[ features proposed in, 151[ SVM, ANN, Acc = 84%; PP = 87%; SP = 80%;
Bayesian, OPF +P=T77%;
Morphological, Wavelet, PCA Acc = 86.4%; PP = 88%; SP = 97%j;
Yeetal. | 51 ICA, RR interval SVM +P = 63%);
ECG-Intervals,HOS . Acc = 83%; PP = 80%; SP = 88%;
de Lannoy et al. 152 ' ' ; ; ;
y 1521 morphological, HBF,coeficients weighted SVM +P = 79%;
= 85%: = %: =82%:
Park et al. 153 HOS, HBF Hierarchical SVM Acc = 85%; EE Z 2802 SP =82%;
RR-intervals, morphological — QROA- PP — 2004 QD — 7004
Zhang and Luol54] features, ECG-intervals and Combined SVM Acc = 86%; PP = 89%; SP = 79%;
segments P =92%,
Combined Optimal Acc =98%; PP =97%; SP = 97%,
Prposed method DWT+HOS Multi-kernel SVYM +P = 96%:

ANN, Atrtificial Neural Network; PCA, Principal Component Analysis; FFS, Floating Feature Selection; ICA, Independent Component
Analysis; BPNN, Back Propagation Neural Network; HBF, Hermite Basis Function; HOSC, high order statistics cummulants; LD, Linear
Discriminants; SFFS, Sequential forward floating search; IWKLR, Importance Weighted Kernel Logistic Regression; CRF, Conditional
Random Fields; RC, Reservoir Computing; $ Authors optimize their result for 3 classes (N,SVEB,VEB); # Where confusion matrix was
not given, some values could not be computed.

S5 o (s alaz ) cilite sl lxe L 5| 2 oliala Sy olesa cilike (gla s,
00,5 dmlie ) slahg) ploo b Sy St 5 1y ol gy (B) Jguzr ool s 0051 0 Jgor

OF 2be ¥V Ll 1P JLlo




i 055 gl b, sloghs, ple b 12l olo;
ooy sl ol wesee plas (V) e mls
AP ed) slagty, ple 4 Ced solin
Ll woledn (hgy (A) Joozr o)l St
Sslite Sy bl g a5 Gk sla s,
oald S8 aunlie 5,50 <80 Ll 5l cailes S eolaiul
plo b1 eolgrin oy, VY 9 V) K el
Oy &S oad ools s 5 00,5 auslie SVM sla i,
2,00 gy ple 4y o (555 ez (65 0 (sl

olering b9y 65 5l S O Jgur bl ool
L ECG JLXw gomdil cds «(F) Jgom .Coul
ol aes e plas |y ganadds gy Ol eolaul
Sigel 0ols YO« 5 Sy ez oLl b ganainl
Josz 5l ead ol mls 4y axgi b .ol ouls plxl
L S S O Skee e3liiy oS5 Ghe) )
u..SJ.) (?) JBJ?) w‘ bé‘b ul.m.v é5:> )‘ Lﬁu.us) )JL...J
Ol Jlop etle b calitie (Shg Ll sl b,

5311y solaiin G, (V) Jao (Canl slatmaiy

MIT-BIH odldac goxo 59 S5 19 Frolail b gussaid gy O jl eolaiw! b gusuainb cdo :(F- Jgu)

(Table-6): Accuracy of classification using 5 classification methods by selecting 40 attributes on the MIT-BIH dataset

w9 A L N P R \% edo
SVMs-PCA 95.98 | 96.44 93.58 92.56 90.46 91.35 93.42
SVMs-NMI 96.12 | 96.75 95.90 94.12 96.27 97.62 96.13
SVMs- GA 96.24 | 97.56 98.91 99.56 99.82 99.53 98.60
SVMs-NMI-GA | 98.86 | 99.12 99.54 99.80 100 99.90 99.53
Proposed 100 100 99.91 100 100 100 99.98

2l oley i 1 aliseo la gy duny Lo :(V- Jgur)

(Table-7): Comparison of different methods in terms of run time

sy 59! Wosld ac gozxo
MIT-BIH INCART SVDB
de Chazal et al.] 45| 2.635 3.660 3.660
Soria and Martinez| 46[ 4.449 5.468 5.468
Llamedo and Martinez ]46[ 4.020 4.635 4635
Mar et al. 148[ 4.447 4.904 4.904
Lin, C.-C. & Yang 49[ 5.707 6.368 6.368
Huang, et al.] 50[ 2.332 5.856 5.856
Yeetal. ] 51[ 4.425 4.990 4.990
de Lannoy et al. 152[ 3.038 3.076 3.076
Park et al. 153[ 4.450 4137 4137
Zhang and Luo]54[ 3123 3.442 3.442
Prposed method 4.106 4.441 4.441

MIT-BIH o3l34c gosxo (59 alizko S ig ol b gl o9, b solesuioy (o9 cdd dmolio :(A-Jgo)
(Table-8): Comparison of the accuracy of the proposed method with different feature selection methods on the MIT-BIH dataset

o9 &S Ry Sl by s
Proposed DWT+HOS 99.98

SVM( nu -S VC) |55[ DWT 24
SVM (DT) I55] DCT 96.5
SVM (epsilon -SVR) [55[ Amplitude value 94.2
SVM (nu - SVC) 155[ Genetic Algorithm 93.46
SVM (nu -SVC) |55[ PCA 80.00
RNN ]55[ Lyapunov exponents 94.72
DAGSVM [55[ SVD 97.71
SIMCA ]55[ PCA 98.33
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(Figure-13): Comparison of the proposed method with
different optimal kernels on the standard MIT-BIH dataset
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