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Arrhythmia classification method using modified lightweight residual network

ZHANG Peiling, PEI Qianyong

School of Physics and Electronic Information Engineering, Henan Polytechnic University, Jiaozuo 454003, China
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Abstract: On the premise of ensuring system accuracy, lightweight models can be deployed on embedded devices or mobile
terminals with limited hardware resources. Therefore, a method using modified lightweight residual network is proposed for
arrhythmia classification. The method transforms one-dimensional electrocardiogram data into Gramian angular summation
field maps which are then taken as the model input, and reduces the number of model parameters by substituting ShuffleNet
V2 convolutional units for the traditional convolution inside the ResNet34 basic residual blocks. In addition, the network
incorporating efficient channel attention module makes the model focus on important feature regions, thereby improving
model accuracy and realizing the automatic arrhythmia classification. The proposed model has an accuracy of 99.78% on
MIT-BIH arrhythmia database, and it reduces the number of parameters, FLOPs and MAdd by 95%, 91% and 91%, as
compared with the traditional ResNet34 model, demonstrating its characteristics of lightweight and high accuracy, and
proving the possibility of deployment on mobile devices.
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Figure 9 Converting 5 kinds of heartbeats to 2D maps
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Table 2 Comparison of model complexity before

and after modification

HEEHY Params/M  FLOPs/G ~ MAdd/G
ResNet34 21.29 3.67 734
RLNet 1.11 0.32 0.63
RLANet 1.11 0.32 0.63

REARR AR A A2 2% B (HUOR BE DR UEAR AR A PEBE , 7E i A
RLA 3 J5 A] DL AR AP GE A5 2] [F] F . 5 ResNet34
AH H , RLANet 78 £ 357 56 12 4 19 [5] B 3k 2 7 &%
PEfE.

3 JHRASLIE B IEARRTEE (%)

Table 3 Comparison of indexes in ablation experiment (%)

PR R ORER HEER FIOM
ResNet34 99.64 98.45 99.08 98.76
RLNet 99.57 98.63 98.48 98.55
RLANet 99.78 99.45 99.37 99.41
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Figure 10 Comparison of accuracy in ablation experiments
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Table 4 Comparison of various indicators with other classical networks

TR HER /% HEHE /% BIEHE%  FIAEU%  Params/M FLOPs/G MAdd/G
LeNet 99.15 96.79 97.45 97.12 10.81 0.21 0.43
AlexNet 99.35 97.88 97.75 97.81 14.60 0.31 0.62
VGG16 99.51 98.21 98.07 98.14 134.30 15.50 30.95
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RLANet 99.78 99.45 99.37 99.41 111 0.32 0.63
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Table 5 Comparison with the existing methods
Tk Bl AR Tk FHE MEFR%  RR%  BER%  FLE%
Huang 45111 MITDB 2D STFT+2D CNN 5 99.00 - - -
Liu %12 MITDB 2D 2D CNN 5 99.41 96.50 99.64 98.04
Rashed-al-mahfuz %4/ MITDB 2D CWT+VGG 5 99.90 - 99.90 -
Ma 45013 MITDB 2D ResNet+CBAM 5 99.23 99.13 97.50 98.29
Mohonta %15 MITDB 2D CWT-+2D CNN 5 99.65 - 98.87 -
L S'@RS MITDB 2D ResNet+ShuffleNetV2+ECA 5 99.78 99.45 99.37 99.41
1.000 1.000
Rashed-al-mahfuz[14]
0.998 ’*Proposed Rashed-al-mahfuz[14] 0.998 *Proposed
0,996/ -+ Mohonta[15] 0,996 -+ Mohonta[15]
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