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ECG classification based on transfer learning and deep convolution neural network
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Abstract: One-dimensional deep convolution neural networks (1D-DCNN) for electrocardiogram (ECG) classification shows
limitations in identifying various diseases and extracting the best morphological features. Herein, a method combining transfer
learning and two-dimensional deep convolution neural network (2D-DCNN), AlexNet, is proposed to identify ECG images
directly. Firstly, the ECG signals within the 75 ms before and after R wave were intercepted, and one-dimensional ECG voltage
signals were converted into two-dimensional grayscale image signals. Then, a 2D-DCNN based on AlexNet was established to
classify the ECG heartbeat samples. The weights were initialized by parameters which were pre-trained on Alexnet using a large-
scale dataset ImageNet. The proposed method achieved an accuracy of 98% on the MIT-BIH arrhythmia database, and maintained
a high accuracy at different signal- to-noise ratios, which verified the good robustness of the proposed method in ECG
classification. The proposed method was also compared with 1D-DCNN using different activation functions and other deep
learning methods with favorable performances to evaluate the performance of 2D-DCNN. The quantitative results demonstrated
that compared with the optimal 1D-DCNN, the proposed method combining transfer learning with 2D-DCNN improves the
accuracy rate, sensitivity and specificity by 2%, 0.6% and 4%, respectively, and that the proposed algorithm is better than other
existing algorithms in both binary/multi-class classification tasks.

Keywords: electrocardiogram heartbeat classification; transfer learning; deep learning; two-dimensional deep convolution

neural network; one-dimensional deep convolution neural network; ImageNet dataset
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Tab.1 Structure parameters of the deep convolution network used in this research

Layer Operation Channel Stride Padding  Activation
1 Input 1

2 Convolution 32 3 2 ReLU
3 Pooling 32 2 0

4 Convolution 64 1 2 ReLU
5 Pooling 64 2 0

6 Convolution 128 1 2 ReLU
7 Convolution 128 1 2 ReLU
8 Convolution 128 1 2 ReLU
9 Pooling 128 2 0

10 Dense 1024 ReLU
11 Dropout 1024

12 Dense 1024 ReLU
13 Dropout 1024

14 Output 2 Softmax
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Fig.1 Different activation functions
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Fig.3 Electrocardiogram (ECG) data preprocessing

2D-DCNN: Two-dimensional deep convolution neural network; 1D-CNN:

One-dimensional deep convolution neural network
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Tab.2 Number of training and testing samples

FN KR8 1F 5 B0 3 25 31 5% 28001, FP I FN 13k
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Signal type Input size  Classification  Training

1D voltage 820 Normal 5000
Abnormal 5000

2D image 227x227 Normal 5000
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#3 1D-CNNF12D-DCNN 7E R EMERREL TR BEELER (%)
Tab.3 Comparison of 1D-CNN and 2D-DCNN at different signal—

to—noise ratios (%)

Signal-to-noise ratio

Type

Original 35 30 25 20
tanh-1D 94.90 94.80 94.50 94.30 93.00
ELU-1D 95.50 95.10 94.90 93.70 92.90
SeLU-1D 94.40 93.80 93.50 92.00 91.60
ReLU-1D 95.40 95.30 94.80 94.50 94.00
Swish-1D 96.00 95.60 95.30 95.30 94.70

Random-2D 94.40 94.00 93.90 93.70 92.80

ImageNet-2D ~ 98.00 97.50 97.00 96.75 96.75

R4 NEMEHTFNIRIRER (%)

Tab.4 Evaluations of different networks (%)

Indicator Swish-1D  ReLU-1D  Random-2D ImageNet-2D

Sensitivity 98.33 98.16 96.67 99.00
Specificity 92.50 91.50 91.00 96.50
Accuracy 96.00 95.40 94.40 98.00

Test accuracy vs. Iters
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0.4 . . :
0 500 1000 1500 2000
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Fig.4 Relationship between test accuracy and iterations
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SR — R L2 R TR 2T JE Y 2 )
27 M TN
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R T B UEAR SOy ik 8 F T R0 L A 2]
A R B 243 JE A TI . MIT-BIH £ 242446 T
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IRYE Ay B & A E R I S A s o e R N e
TR S M R S B E 2. R iz S
Tl 7 O IS S5 BT o B3R, I R AN (B A
11, FL7E QRS I I HA B SRR S 2 1R M G
g AT ELAAARFRPE PR . B SR R AR 5
KW EIRZIG , A SR AN 1 BTz A 45 45 ke 004 1
PAAE SRR AR SO A O LR 22 43 2R O RUR
ASCAE R S B AR NS 5 i, K 4h SR e
HRIK 94.5% (UNFR 6 Fir7R ) , I T3 — AP R LA IR 2
7515, UE WA SCHE H 4 45 45 TmageNet AUE %) 51k
(I3E RS 2% 3 J7 1 F1 2D-DCNN 2A5 B APz Ak PEfg

RS ZHLRBUBKRIR

Tab.5 Data source for multi—class classification

Annotation  Disease Sample Number
1 Normal 100.101.103.105.106 15199
2 LBBB 109.111.214 6 094
3 RBBB 118.124.212.231 6617
5 PAC 209.232.222 4031
8 VPB 106.119.200.208.221.233 1943

LBBB: Left bundle branch block; RBBB: Right bundle branch block;

PAC: Premature atrial contratuion; VPB: Ventricular premature beat

R6 DAMEMELLR

Tab.6 Comparison of classification accuracy

Classification Methods CNN setting Accuracy/%
Acharya, et al"®! c:4p:4fc:3 94.95
Binary Fujita, et al > c:4p:4fc:3 95.22
Proposed c:5p:3fc:3 98.00
Pyakillya, etal®  c:7p:7 fc:3 86.00
Five-class Zubair, et al®*  ¢:3 p:3 mlp:1 92.70
Proposed c:4p:4fc:3 94.50

c¢: Convolution layer; p: Pooling layer; fc: Fully connected layer; mlp:

Multilayer perceptron
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