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Abstract

As the most common cardiovascular disease, arrhythmia is a threat to the health of the public. In
recent years, the diagnosis of arrhythmia through machine learning has gradually become a hot
spot, however, current methods are difficult to strike a balance between accuracy and efficiency.
To solve this problem, an arrhythmia diagnosis model based on instantaneous frequency and
power spectrum entropy is proposed by writers, and the ECG data from MIT-BIH arrhythmia da-
tabase is used to test this model. In this research, the Pan-Tompkins algorithm was used to locate
the cardiac beat to form the data set, and wavelet decomposition was used to de-noise the data.
Then, the instantaneous frequency and power spectrum entropy were combined as features, and
the Support Vector Machine (SVM) and Bidirectional Long Short Term Memory network (Bi-LSTM)
were used to test the model performance. Finally, the accuracy of this model respectively is 98.3%
and 99% under SVM and Bi-LSTM, and the recognition speed is in millisecond level. Both efficiency
and accuracy are good in this method, which provides a more excellent solution for arrhythmia
diagnosis using machine learning.
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—RO MBI . DR EFEET, EAMER RN A ARG, ARG A R A R, T
HATUL R EURE RARIET, B AR AE A (R [3]. X T 003 R BB R, R 22 iy 5(
BEREILR B BATIRYTY, AR & B MR ARIGTT ACR [4], (BAGTROHR F 2 W 2 A0 T a5 0 fL 1]
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GRVERET, U —ANBAF IR A 45 R @I MIT-BIH O KH ECG i PEEATI0AIE, 1% J7VE1E SVM
K HERf 2y 98.33%, 7E Bi-LSTM HHIHERGZE Ny 99.37%, RNl EEAFEZ=AN G, E A RIFHIAL

ik

DOI: 10.12677/csa.2021.113050 496 H LR 15


https://doi.org/10.12677/csa.2021.113050
http://creativecommons.org/licenses/by/4.0/

()=

SR B B
2. BEEERE
2.1, BESEMAR

AIAEH T MIT-BIH ORS00 e DA B 5, 2808 — 3L f 48 Midsk, B idsad
PIAS IR EE, B SRR L 30 404, SRFFZE0N 360 Hz, )8 650,000 KA . Horh 23 4Mid
S%(100 ZF1)/2 M 4000 24325 O HLE A BELIE R 25 Md (200 R A1) 2 Bkik A E WAHLE G
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Figure 1. Schematic diagram of Pan-Tompkins cardiopap positioning method
[# 1. Pan-Tompkins (> 3EE LA R EE

FEEALOIANG , MKRHERRIELF (URRAE, A SO HEE 73 U, 7358 IEH 04 (Normal beat) . /e RS A%
SFH A 0 #4(LBBB, Left Bundle Branch Block Beat). #£i# & 5B .0>#(RBBB, Right Bundle Branch
Block Beat). 1% 5.4 (PVC, Premature Ventricular Contraction), PUS¥#s (i 4F S 2 Frs. A3
KPS RERI B G, RF2RRENLEI T 1200 B B2y 2500 ANRAE RU(ZIA 7 B2 ROEUE, H4 s B2 B
AT 2GR
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Figure 2. Four types of ECG signal
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Figure 3. ECG signal de-noising
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R FERLIE T 505 S5 00 B R R A — BRI M 2% [14], (HACRWE FORAIES 8 — 4E2 i
UEASCHR AR A ] PP SRR I SR AN D 30000, JFREAT LG, DAMENHRAE. R A0 aT B4 U S0
FLAE 5 I AR AR A AR A, R R A8 L A e T 55 1 PR i 1) o F) epo o Bl A ot iy, B ARD
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Figure 4. Comparison of instantaneous frequency of four types of ECG signal
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Figure 5. Comparison of spectral entropy of four types of ECG signal
Bl 5. WO BESThEIEEITE

[, ASCHKAE SVM Al Bi-LSTM 48 s oy He s 7 A FRIIRHEA & i TR SR M ) 34
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Table 1. Features combination of SVM and Bi-LSTM

% 1. SVM #1 Bi-LSTM 4FfE¢EE

SVM HEAE &9 Bi-LSTM 34k
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3. MEgEMIR
3.1. SVM &4z

SCRF IR EAL(SVM) & T S AR SR R TSR ) — b — 3 2R 5005, AR B 2 2] 07 O a1 AT
oy, HEET GG, Dl R I E i S A, AR EGR A BE o R R R Iz A
H. 16 SVM Hgirr, i 1% ek BORAT AR LM n] 4 0] N JSUAARRRAIE 22 (A B 22 s 4 s R vy, DAIX 43 TESRAT
i, MM SR AT . — BRI MZ R BB FE: R iz, sz, 2 0 ok 2o
SIGMOID # iR #[17].

TEARFFLH, R SVM AL B MATLAB H11f] Classification Leaner SEHL, fEATARAIH, ik
SVM KM AN, RECN IR, HXEARIAT T hs M . A SO IR T 208 B tH R EE, YIZk
L H5MAEZ N 9:1.

3.2. Bi-LSTM &E& )z

R PINLER 5 S BRI ) 2 IR TR, T2 ARE D45, iR BE 2 o) B WA B 2% >0 s
fERIEE S1[18], Kk, ASCAE SVM HIFERE L, I XU KA HEIZ 25 (Bi-LSTM)IEAT IR . 7528 TIR
JE 2 ) A BOR AR G251, ASOR N ZR B804 45 sym8 /N i A th 5 M IS5, HitE T
BB BRI AR AT R0, DAE N Bi-LSTM MIZHIHRN o A T InPRes SI RS i, A e it
HNBAEAT T AR AR B

K I HAILAZ 2 (LSTM) 2 XS AR I 4 (RNN) i, B RNN [z ik i, it F A7
BT AR B BRBUZ B R, MU T A RNN BREETH R 1R PR % . LSTM Bt =AM, 20l %
AT BTSSR 2 B BT FIERT LSTM SFoTiPRA, s T0] Ok #EE
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Figure 6. LSTM unit
6.LSTM BT

1M Bi-LSTM & LSTM HIS0#, 52 P> LSTM Jeal iy, s A28 44 B X A4 [ 20]. 417
BN JER N/ B, XA LSTM B8 2 43 i R JG PN 7 AT I8 B A5 N BE580UZ IE 4~ LSTM
TR E L R g [21]

AU FAE ) Bi-LSTM &5#n 1 7 Fon . femse IR, AR T 2 )2 bilstmlayer. 4B ik
G, AR 1258 1 )2 dropout, IR 4 JZ2&EHM 2, @it softmax S e 2SIl
BTk, A, BTWATRAD, HREMEREELF[22], ASCEFEE Adam K#SE. % Bi-LSTM X
R HRSHNEE 2 Fis.
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Figure 7. The net structure of Bi-LSTM
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Table 2. Parameter settings
#2. BHEE

Num_Hidden 200 2 B R T A
Batch_Size 100 (R E PN VI
Learning_Rate 0.001 Sk
Epochs 100 R
Gradient_Threshold 1 BAEERME

1% Bi-LSTM I6iE /71 500 ST 810 SVM B8AE /7EAMHIE, & Bl F & 4 MATLAB R2020b.
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Figure 8. Confusion matrix of classification results of SVM (left) and Bi-LSTM (right) algorithms
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TEZIRE RS, SEFRPRZE(True Label) 5 FiliFRr25 (Predicted Label) 7 A2 SR i 5 R0 7 %
WA . RIREHPERIE, ASCHE 7R R HER 3 (Accuracy) . R (Sensitivity) . [B] 5
(Recall) 5 Fy-score, FAAKENZ 3 fis.

Table 3. Algorithm evaluation index
= 3. BEWMNERR

g S
25
Normal
LBBB
RBBB
PVC

Accuracy
SVM Bi-LSTM
99.38% 99.79%
99.17% 99.58%
99.17% 100.00%
99.38% 99.38%

Precision
SVM Bi-LSTM
100.00% 99.17%
97.54% 98.36%
97.54% 100.00%
100.00% 100.00%

Recall
SVM
97.50%
99.17%
99.17%
97.50%

Bi-LSTM
100.00%
100.00%
100.00%
97.50%

SVM
98.73%
98.35%
98.35%
98.73%

F1-score
Bi-LSTM
99.59%
99.17%
100.00%
98.73%
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TEVRIEHBE 2 Ab, A SO XS P AR (1) 5238 TAESFIE I ZR(ROC curve)ib AT TiH5, s s 9
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Figure 11. Comparison of four classifications task time loss of the proposed method and
traditional nonlinear dynamics methods
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