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W OE. 4AsEmid 2o TSk TP & B (Electrocardiogram, ECG) 43 5 4% AE 32 IR VA &

'uﬁi”'“ii"\%‘lﬂﬁé’]l‘;lf?ﬂ»&bﬂ'T FAETSERFEBFOCERFTIEL XK. A ECGRE T
TS H MG AL B A ERIR ECG 42 5 0 MM 442, 51 &4 42 F2 RR M) 1% 28 %R 45 4% 42

ffjfsfo RIGFHiEiEFEEYS £ H & FTH(Support vector machine, SVM) & 448, Wrapper X 45 4E %t 5 7

%L, EE P AN RelieflF £:%,87 X8 RelieflF A%t A HER T, FRBEFERERIREFELER

EABEMI EEFEASIM M S AR REEAEDRE IR AR IR ETE., RELA — 5

(One against all, OAA)SVM 2+ MIT-BIH 'Gé’:%”'“iiiféﬁégﬂ’fcﬁ@iék Tk, EFHBEREEAN.Z

SRR T AT e o KACR . RBUE AR E A A 96.1406.99. 75004 99. 816,

KW SHEKRF S ;34 ok ReliefF 5k L #H @ ZHM(SVM)

hES%EE. TP391.4 MR ERG: A

Arrhythmia Classification Based on Feature Selection Method of S-transform

Lit Wei, Deng Weixian, Chu Jinghui, Li Zhe
(School of Electronic Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract ; Short time Fourier transform and wavelet transform are not effective in extracting features of e-
lectrocardiogram (ECG) signal for arrhythmia detection. Therefore,a novel algorithm based on the fea-
ture selection of S-transform is proposed for arrhythmia classification. First, ECG signals are processed
by S-transform, and the time-frequency features are extracted from both the amplitude and the phase of
ST results. Then, time-frequency features, morphological features, and RR interval are combined as the
original feature vector. Second, the genetic algorithm (GA) and support vector machine (SVM) are com-
bined as a Wrapper approach to search an optimal feature subset. The feature weights are computed by
ReliefF algorithm, and the initialization of genetic population depends on the feature weights. Moreover,
GA searches an optimal feature subset using classification performance as the fitness function. Finally, a
multi-SVM model with one against all (OAA) strategy is built for the classification of eight types of ECG
beats from the MIT-BIH arrhythmia database. Experimental results indicate that the proposed approach
has the best performance among other state-of-the-art approaches, and the sensitivity, specificity, and
accuracy reach 96.14%, 99.75%, and 99. 81% . respectively.

Key words: arrhythmia; S-transform; genetic algorithm; ReliefF algorithm; support vector machine

EE&TB :ERAREFISE (61271069 ¥ B3 H .
Y B H:2016-06-12;1&1T H#1:2016-08-03



I FRAS RBBFAELFF X SERT L 307

g

51

i

O BEF SR L K ECG B 25 1Y U BAR o AR 20 8 JLR A7 A 23 51 R ™ T 1.0 I 5 78
FHET F T LR E 2l EEY L5 i 4 0 B B (Electrocardiogram ., ECG) 4 .0
S AEIE A B[] 43 Ao FL LI SR B B SRS A% o T L 8 ok A HR AR RS M B 010 BB AR 5 Bl R 2 A
b Bl & AR 2 W i AT AR 2 & R sl A B A5 D DR U R B — A R O A 0 T L B2 T R G B
P& AR R DU 2R

AT BN G C 4 — 20 5p 205 vk o 4% BRRRAE £ B 7 125 1 AN [R) o] DS 3 88 5 3 43 Oy < 6 3807 15
BTGt Iy ik A T AR Ty o BP0 IR T BRBBCR AT RR ] B L QRS &2 4 R T i 7 25 1 ]
VE R FFAE SN 8 H B ECG 55 RAEFEVE MBS RFAE™ o b3y 325 67 B LR (HL Bk 3ol R F JC 125 48 7R
ECG 155 40 (0% A0 R0 B 1) 15 8L o 5 T e 1 Jr T 23l i v By 38 RR it 45 4 JURFAIE SR AR B ECG 55 Fa
AR RS B . FE T AR B A0 O vk R SR AR B 0 F A 5 AR e B 5 — A ek, R 8 B e A e 3R A
F O I AR AR o AR T S A 43 BT R BRCR PR B AR e O T U Y 5 280 AT A 3 A0 A A B
WS AE— R R ECT BRI X H T ARG RAREARE T B A 4 TG 1 3R R I ] A
PR A e R R R G S e A R BR A . DR L 34 22 0 1 ol T B A 6 B B ECG {5 5 R AE , A
4 Bt B2 i A8 6 (Short time Fourier transform, STFT)™ NJE A8 #57 K S 45 0 g (8 43 85 4, 5 st Ay
6 fil S Wt A S AR A5 5 050 2% B s ) 0 A Ak R LR R B e s A Iy vk T S BE BRI B 1 ECG {5 5 R
FRAE o SR o I AT 5 £ JBCRR R AL A 11 4E B8 v » AN DG 7 3550 5 T HL 2% 45 4 28 M BB A O £ T 52 )
FRAE VBB 5 T 00 AR 4R 500 5 ik m] 43 Ry ik 8 X (Filter) Fi 4 28 50 (Wrapper) . Filter 20l 37 T /5 224>
FEE R M Wrapper B 4f FI 3 2R 45 R VPG R AE 5 46 HMERG R T Filter 36, IO HR 0K FER
F Wrapper ¥ » U0 7E A F e 105 40 3 2 5 X o0 2 0 20 2R I 0 5 0 b 2 0Lk~ o 0 2 24 DU R0 000 97 5l i
I e 45 1 L ) Wrapper 3% 5 ¥ 85 F Hifth 3 F Filter 305361 . 76 JH 3844 59 (Genetic algorithm. GA)
15 F 7] B AL (Support vector machine, SVM) #FF7HEE 3 8 i 1075 3 T 84 A9 8 15 . Brib =z 4h, —
Tl R B8 19 Filter UBRAE e #5857 1% RelielF™Y Fe Wrapper 32 oA ¥ BE b B9 A0 3L BT LA 484 B4l 7

AEFEAE 42 U5 T B 340 A B GRS BE 4R IUAE 5 BRI 19 R ALE o 1HL % 7R 0 0 AR 2R S BRI i 0 DG I
ECG {55 WA RRAE " o PR I IR Sal e AE 2 — iU 0 A 2R 0 3 22 HLAT SR R AiE . STET % bR A1 3 B
55 5 BE T GE AN AZ S I AAS BE AR G 1 [w] B B2 B0 A0 AR A3 AR AIE 5 /N e AR 4 aT S 2 RUEE SR £ #8578 T ECG
5 0 I ATURRPE L (ES BEAR 47 42 B0 AR 5 (0 SR B AR ALE L T BE 5 K — BB SCBEARAE L 52 O R R I O3
HRAOR . S A2 — B R4 1Y J5y F8 B A 43 A B R L A L STET Fl/N 72 4 FoXT {5 5 Jmy #8 fi A fig g 3
5o SRR AT A AR B TR BT R AR A A X6 HE A R AE 32 N D AR TS LA R R LS
A5 (4 FR O AE B IR A5 B .

AR LA — TR 0 R A3 S T vk L S R T S AR A D (B AR 6B 4R B ECG {5 5 18 I AURR
fIE S {5 T[] 8 80O ECG 55 MBS HRE . T GA HA 28 FI0RE J1 38 HAS 25 5% A Ja 8 s AR fife 4 oy
SO AT GA R SVM 5 4 2 i Wrapper #F 17 R AE 2 5 o [ 05 2 1 0 DRe AR 256 9% 1 38 B2 8 ] ReliefF 3t
B R IEAE KON e M B a A . S RS X 2 7SVM T DR AR

1 $FERES S EF[ER
L1 $ERE—S Tk

S M E 1 Stockwell #4457 STET /NP AR S Y . N STFT ffy i iy S A8 e 35 25
T W SAMK S, ) D R,



308 HIEREEH LA Journal of Data Acquisition and Processing Vol. 33,No. 2, 2018

Sz, ) :J x(Dw(t— e *de (1

a—?

e 52 (2

w(t— 1) =
o V2w

K w(e— o) RRBTHE N EH T o=1/] /| J& & FHRMEEY o8 AT S 28 e i 1R AT LAt AR
P14 72 A T 28 Ak o A AR S 20 B T 358 A B e A9 0040 0 0 3R T g 0 B S T AR A AR e Y I ) 0 R
Ut S A8 ] LY fE— R A8 19 STET, se it 7 STET 43 B AR IR 35 19 BFA .

TIBNXETAR S 2 () 19 S ARt BE T — N FEBR 10 B /N A0 2 S0 B A e e LA — A ML I A 3
= FIR .

Sz, ) =" W(zr,d) 3)
RF We.d) BES 2@) B/PNEER. d=1/|f] . R FRRAEEENIE .
. ‘f‘ 7/2/2 i
w(t, f) = ez e it (4)
V2r

i e SRy /N AR 4 TR B WAL PR L BT RS AR e W] DL A S AH AL B IE 1 3 2 /N Dk AR e W] LA
figk DR /N AR SR R AL ) R, [R] IR S AR S DR 1 IR B A3 1 46 X 228 R AN E
BEEAR T (0 WEHUE N « [£T ], S A EHOE

N—1
J SLT.0] :%ZIDQT] n=0
N—1 o ) s (5)
15 []T’Nin'f} - Zx[%} efzn,,zm e'z.% n %~ 0
m =0
ANy S5 BB T R BER IR o an 0. 1o N— 15 X[ 702 oty e THT] 1 N RS

fEE AR, (554 S ARG B] — A N XM SN JFHE [ « S J 4 (S-matrix) , AT R (E L 51 0 R
B L R 0 R O A2 R HL R D A
1.2 HZEHF—SVM

SVM J& Vapnik 55 G532 > BLIE & W — R pLES 2 > o ik 2 s AR TR A 8 sl 43
JF P ZEREA I HBA fe K 288 1) B 14 B e 23 28 - 1

AR S W GREARTE W = {(2ihy) i =1,2,5 1) SHPRARAR x; € R Khi%k 5, €
(1= 1) o X T2tk =7 2K R, P 10 7 7 — B - x, e wt0=0,w N BUE R b 2250, K
SR AL AR S MIBRAE T 2/ | wll o DR i B I 70 S8 P T4 2T /e | ow || BISR g X (6D
P14 2% P 5 {EL 1) AL 308 3 0 A B9 Y SR BBOR M %+ i S 45 B e (I 0 26 R B, in s (D i

. 1 ,
min® (w) =— || w]*
2 (6)

sct. oyl (x;ew) +F0] =1 i=1,2,-,1

o =sgn( D]y, (x;5x)+b) <)

KPR HRT a; = 0.0 =12, L, R DB @ = 0 FF H IR REAR x; BOFR S35 ) it

XF T i DR S B I P B AR ZR P 3 2R 1R L, SVML 5L R K (xx)) W LR Ki(xax) 738 2 Mer-
cer A5 figJr A4 Bl SVM AT 2 (X (8)) ., JFH A% o KA 24k A% pR 550, Sigmoid 4% R R A2 18] 2 4% R KX
NE2TE L

o =sgn( D ay.K (x,.x,)+b) )



B LE.RASTHRFELEBFTEHNSELT I 309

2 RASTHMBMHEEAENLOERENSE [ ECG%?(%‘S% |
e P S 75 R G Y6 7 000 FE 5 0 40 A 0 AL B BEAE R | S |

A F RS 0% SVML IR RER B 1 FER . IR b e

FRVRFAE 6 46 5 22 40 2 SVM 45 51 5 0t 45 GE 141t 0 U1 26 450780 5 90036 oy

N T B e S R e T P M W T

FiL R A [FEsE | FEsE |

2.1 ECGHES Ivuzﬁxz;ssw |—»|mUiﬁ§%SVM|
MIT-BIH 20> 3 5% & B 2 CLLR i Bk MIT 8046 8 43 5 48 4%

ECG i 3 . J 7 t PRI R 60 S0 GE oy ALB SR g Tk L DIATARER |

25 30 min PRI R ALy 360 Has Horb 45 K300 A SR A 1 ARSHRIA O HASE P2

MLIT 5, AR V5 906540 K010 B SBECR A V1 S8, 1 U

AR TLV2 VA VS 0. A SCHTIR ECG #U ok p1 MIT g T 1 Block disgram of the pro-

W o MLTT S GE 19 LT 8 A0 KR, 0E 96 73 (Normal beat posed algorithm

NORM) /£ /& S B i (Left bundle branch block beat, LBBB) .45
(% S BH i (Right bundle branch block beat, RBBB) . & {4 K. ##§i (Premature ventricular contraction,
PVO) . B 545 (Atrial premature beat, APB) 4.0 Bk (Paced beat,PB) . & M3 I (Ventricular flut-
ter wave, VEW) Ffll'E M4 i 8 ( Ventricular escape beat, VEB),
2.2 kb

UL T 5T R T B M A O LA S T O AT R . R TR B B AR B T IR AT
FEIF HAORIRAF o A SCHEFE I 2 ) O A R w4028 o BRI ZE MR RS 25 B Dy 1o 8 1 b (U8 v &
Wi S 2 R RS ) AP0 U D0 4 2 AR F g T 0 v MR L b D O T R CBRBENT L RO MIT %
I R R SC A i A ) R M R
2.3 4$FERER
2.3.1 RR B4

A SCHEHL 4 A~ RR [A] B RHAE : preRR 5 45 2 ORI HFT— 041 19 RR (] B s postRR 5 45 7 O F1 3L
JG — L AA Y RR (] ; localavgRR 45 45 7€ LA T 5 25 5 4S040, 35 10 A~ RR [A] B 9 7 2 {8 ; aveRR 4§ —
A E RSO A RR (] B 7 2418 .
2.3.2 WMAE4iE

AT 3 A E] 7 AU QRS S5 3T M P i, QRS B 5 3% H A R—50 ms #] R+100 ms
(RF/R RYEAIE) LA 60 Hz RAERIZR 10 MRFAL AL T BB 1A R+150 ms ] R+500 ms. LA 20 Hz
FAE LI 8 AFRAE 8L P P H A R—200 ms #] R—100 ms, Lk 60 Hz RAHEREEI 7 A FFIE A
2.3.3 BTHAFAE

16 REHT G A 278 ms B — M3 & 200 fii ECG fF S A, Al 2(a) iR . SR G X% AF 5 i
1 S . B 2(b) NREAAT T 1Y S 78 48l 1) M 1 55 1w 2 P o B A B 3R 7 0 WL AR 5 B8 SRR A 1 W B A A
[ 45038 18 23 A PAAR AR s O B AR 5 3 — B30 Ak 1) W (L TE AN TR SR A S AL 1 3 Al . S AR 3 45 2R Sy 200 X
A5 1Y 52 BORE I 0 2R T BB SR A S R A S 0 SR S 3G N TR S XE B . Ay e A SO W R RN S B T A
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Fig. 3 Amplitude-frequency characteristics of S-transform
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Fig. 4 Phase-frequency characteristics of S-transform
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Tab.1 Composition of the data set

K UE3 ¢k S R A
NORM 34135 34 544
LBBB 3 838 3785
RBBB 3437 3 309
PVC 3 352 3 369
APB 1225 1190
PB 1733 1 646
VFW 225 195
VEB 44 56

e 2 4y thy T IR IR R AR 6 7 3 06 1T 5 G W 2 U5 19 43 26 PR R L 7T L SNGA-KPCA KK T 4%
I 48 K AFL G v W 2R L B A B E 1 22 L ME R ROl 95. 72% . FM-Relief 1 RE-MI {4 v B 2 Fb J5 4G 5 4F
0 S (P AU 0 200 KB A A% S0 0 A 3 9 o 0 S 89 99. 8196, W) 885 J5C 0 4 1
5 I LI 240 105 GE 800y 71 FE BT A 7 bk R e Bk RIR o B A A2 W 4 A 4 4 A T 25 A
25 A YMELES] 16 4 I SIS GE 101 B4R 5 51 4,

2 TESMEEIFTETHS LR

Tab.2 Classification performance with different feature selection methods

ik HEH R/ FEAE 4 5
JUUE R A 1) 96. 14 130
SNGA-KPCA 95.72 73
FM-Relief 97.34 113
RF-MI 98.13 104
AR SCREAIE B 45 7 3k 99. 81 71

PLEZE R U] SNGA-KPCA 3 3o A5 £k P B 5K J58 0 4R A ) 8 7 76 25 [R] 728 46 3] 26 14 AT 43 19 o 4 =5
(] HEAT 32 B3 BT+ A8 R R0/ 5 AE A B30 ] I s 25 st 1 — {5 L DR AR 17 40 B I PR BB . 7E AR I
PO i T A SOd A AR AR S PR )7 1 F1 RE-MI #R 42 Wrapper 325 78 45 iF %6 P2k B2 p 4K ffi 4 28 45 58, B
PLAEXT F 4 ] FM-Relief 535 (1) Filter ¥ , B8 H 07 85 8 (9 RRAE 045 00 & 19 ME B % . i | FM-Relief
BN Filter sURFIE L £ 07 05 10 40 R HERR R 5 & A 2 A SR A B, 32 K O FM-Relief 53 7¢
T B3 AR AR IR A1 R A X T B B AR A 1) DX 43 BB T AR 2 2R 4 AL O RR LIS M A5t RR AR AR . AR SOl
P RAAE B 5 07 200 T RE-ML, J A AE T RF-MIi i RelielF F1 5 A5 B 45 & 40 28 PEAE 70 W ik < 4k B E
BB R et AR S B & Rt o AR SCHRRIE BE 3R 7 T B 4 J5 W B8R B L 7 i B R 1E RR
lia] i fc oy BT SRR AR IR 2 [ IS UL 36 E T 30K P R Re AR 2 & 5312 W7 I 5 2 1) T SRR AIE L I RURR AR A
B2 T0 R AE A AL & — R S L Bl 12 WK i) T SRR AE

F 3 T AEA R SR BB R L A SO A ReliefF-GA-SVM 3k 5 AR ] RelieflF 53 B WL W) 1R 16
Tl Ay 35 A 35 4% B3 0k A6 R A0 2 R ) 1) R T A 2R L A MERE . W1 LLE A SO RelielF-GA-SVM 54
T LA T e T o A 23 R TR ) R R ]

4 AAR ] ReliefF-GA-SVM J5 XA A 2 ALO AR 0 K PERE . HI & 4 AT LIE ) A S ]
1) RelieflF-GA-SVM J7 3 ¢ 5 P A i 52 JE A #8356 2] 9920 R AR5 3 91% LA E, Ho NORM,
LBBB.RBBB.PBik#| T 99% ., APB { R AT 90 %6 iy 5 76 F MIT $dl f 1 A5 A 6] i A7 78 3
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R 3 ReliefF-GA-SVM 5 E AR E (£ H ik RERT bL
Tab.3 Performance comparison of ReliefF-GA-SVM and the basic genetic algorithm

R L Z 4TI [A] /min T B 5/ 20
ReliefF-GA-SVM 73 99. 81
HABAL TR 91 98.02

F 4 ReliefF-GA-SVM F 534 A E B0 A9 5> K168
Tab. 4 Classification performance of ReliefF-GA-SVM approach for various heartbeats %;

225 He NORM  LBBB  RBBB APB PVC PB VEW VEB -1
REPJE  99.77 99.15 99.45 88.90  97.86  99.87 91.28  92.85 96.14
st 98.45 99.97  99.95  99.89 99.83  99.99 99.98 100.00 99.75
WM 99.40  99.91 99.94  99.63 99.69  99.99 99. 95 99.99  99.81
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e 5 BT AR S Z ARV RN LAt 43 2 B P SRR O AR R I DL B o 2SI A R . H At 4y SRR Ay
A SCERC1 1A PCA-ELM % . SC#k[3 109 HOC-NN 3 . SCHk[5 ]/ CSD-SVM ik . SCilk[ 7] 8 DTCWT-
ANN L1 SCHRL9 109 Gabor-KNN ¥, 3 #8575 W] 1R 3] A0 FA R 2 30 /0 A SC83 kL 3F H e o 2R T
AR SRR AR RVFE X 2 8 B0 AR 0T o A SCH % 1 o 1 %6 vy s Sk 9 ]y ik
x5 ARAAEHNHEMEREILE

Tab.5 Comparison of classification accuracies of different methods

ik ORI HEZR/ %%
PCA-ELM 7 98.72
HOC-NN 5 94, 52
CSD-SVM 5 98. 60
DTCWT-ANN 5 94. 64
Gabor-KNN 8 98. 65
A 8 99. 81
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FAAEAE Dy i AURRAIE 5 9 5 RR (8] b AR 255 AR — 8 2 B Ak 1) o ol FH 3 A5 59095 A SVML LY Wrap-
per 0 H AT FRAE B 7 T F T ReliefF 53k 42 11 1) 40 i A F 96 1R 0 ok A s A B0 5 At . RS —
XF 27 SVM X MIT-BIH 2G5 800 1) 8 Rl AR B A7 70 26 . SR 45 SRR W A SCH HH 1 Re-
liefF-GA-SVM F#AE 1 £ 55 7 75 7 28 WE iy 3 A 4 OR B A0 T oAty 3 7532 » [ I A5 208 325 5% 4E 9% 14 1 1)
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