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Arrhythmia classification algorithm based on convolutional
neural network hybrid model

XIONG Hui, LIANG Meiling, LIU Jinzhen

(School of Electrical Engineering and Automation, Tiangong University, Tianjin 300387, China)

Abstract; Arrhythmia is characterized by irregular heartbeats, and arrhythmia classification plays a key role in
early prevention and diagnosis of cardiovascular diseases. In order to improve the accuracy and speed of arrhythmia
classification and realize the automatic recognition of arrhythmia types, a seven-layer hybrid model based on
convolutional neural network ( CNN) was proposed. To maintain the integrity of the beats, the electrocardiogram
signal was dynamically segmented according to the R-R interval to obtain different lengths of heartbeats. The local
features of the heartbeats were extracted through the sliding of the convolution kernel of convolution layer, and the
average pooling layer performed down-sampling to reduce the dimensionality of the features. The spatial pyramid
pooling (SPP) layer exiracted the beat features with different pooling sizes. Input features of different lengths were
fused by SPP layer to obtain output features of the same length. Extreme learning machine (ELM) as a classifier
could improve the speed of classification and shorten the training time. The MIT-BIH arrhythmia database
(MITDB ) and ten-fold cross-validation method were adopted to complete four classification experiments of
arthythmia. The overall accuracy, sensitivity, specificity, and precision of the classification results in the test set
reached 99. 16% , 99. 85% , 98. 89% , and 99. 85% , respectively. In the same software environment, the
accuracy and training time of hybrid model and single model were verified, and results show that the hybrid model
achieved higher accuracy with less training time, which provides a feasible scheme for quickly and accurately
identifying the types of arrhythmia.
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Fig.2 Dynamic beat segmentation based on R-R interval
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Fig.4  Accuracy comparison of three models
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Tab.3  Comparison of three models in same software environment

Bl WA BR e/ % LR/
CNN 3 93.38 114
CNN-SPP 10 94.38 308
CNN-SPP-ELM 3 98.54 118

4.2 CNN-SPP-ELM 5 H {58 fy1F A F5 4R bE
{47 CNN-SPP A1 2R AR 3 IR Z J5 B & = Y
FEE 4 HAE Sl CNN-SPP-ELM A5 2 345 FHZ A HR (1)
WIGR ARAE, R 37 28 g uE J7 %45 %) CNN-SPP-
ELM BALOEERE 4 32K TF M ads. 4728 ik
UE ) S B R
1) 4 5328 19 4 A0 A B8 A 25 4 BERH [
IBEALETELSS , BEHL A B 10 £y, SOy 9 £y
YERINZREE 1 A3 R
2) CNN-SPP #8354 3 Y, 0 s BB T e
At 216 FUZAE Ffw &, HLAE i CNN-SPP-
ELM RSB ) b A A 1
3) CNN-SPP-ELM JR A A7 Y ELM 432 25 Bt
JEHZ TN B E N 500,10 5% AAMI FRE 4 432509
PN FEPR.
4) AN A vk BUHA 9 By 1 Ik 4E, 5 Ab
1 AERIRAE , R 47 10 Yalss, 45 R BOF- 415
Bl 2 (1) CNN-SPP-ELM 73 2 1 V¥ 45 5 40 3% 4
TR,
%4 CNN-SPP-ELM B A#&8 iT M 454R
Tab.4  Evaluation indices of CNN-SPP-ELM hybrid model
DN F N S Vo Ss/%  Sq,/%  Pp,/%
F 514 0 0 2 98.09 99.46  99.61
1 684 0 0 99.85 98.89  99.85

N
S 2 1 487 5 99.59 99.05  98.38
v 7 0 2 695 99.00 99.23  98.72

S 2 R TR AR 1Y) 4 S B R ER
99.16% ,4 Fh 4325 I BBURE YR T 98% , R 1y
KT 98% ¥ F KT 98% .

5 RS TAR A S A AR
4 5By as F, B E B Sk BB 4R 4Ok A
MITDB , P4/ 8 A2 B A B 25 125 43 28 1) AU
55%F B SCHRAH Eb , AR SCR TR 2 B ds 4 78 )5 e L)
4 FEARBICE NS M, A5 B 0 AR vER R 2
ViR 1. 3R 5 AT AR SCRRD T S oA R A
TR s T A 2 2% k. Hoh PCA S 32 4040
Hr,R-R & R-R [A] ], SVM-PSO fy ki FE I 1k 1Y 52
Fem AL, WPE R /N i, RF Ay B AL AR AR, ResNet
FH% 25 W4 SVM Ry 7 4 1] F L.



- 38 - Mok O Tl K% F R %53 &
xRS AXGEURSHMFTENLE

Tab.5 Comparison of classification performanceof proposed method and other methods %
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