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ResLSTM-TemporalSE: an automated classification model for multi-lead ECG signals

QU Meng, FU Rong

School of Biomedical Engineering, Southern Medical University, Guangzhou 510515, China

Abstract: Objective We propose an efficient deep learning model to improve the classification accuracy in automatic
classification tasks of 12-lead electrocardiogram (ECG) signals. Methods We designed a new ResLSTM-TemporalSE network
architecture by incorporating a multi-layer Residual Long Short-Term Memory (ResLSTM) structure and introducing skip
connections between LSTM layers to establish residual learning pathways for the temporal features. A temporal attention
mechanism was integrated into the traditional Squeeze-and-Excitation (SE) module to enhance channel-wise feature
representation while capturing long-term temporal dependencies within ECG signals, thereby an efficient hierarchical feature
extraction framework was constructed. The model was validated using the public CPSC2018 dataset and a private clinical
dataset from the Seventh Affiliated Hospital of Southern Medical University. Results The experimental results demonstrated
that the model achieved a classification accuracy of 99.70% on the CPSC2018 test set, with precision, recall, and F1-score values
of 0.9966, 0.9370, and 0.9653, respectively. On the private clinical dataset, it attained an accuracy of 82.77%, with precision,
recall, and Fl-score values of 0.6811, 0.8961, and 0.7723. Ablation studies confirmed the significant contributions of both the
residual connections and the temporal attention module to model performance. Conclusion The ResLSTM-TemporalSE model
effectively integrates spatiotemporal features of the ECG signals and demonstrates superior classification performance on the
CPSC2018 benchmark while maintaining strong generalization capabilities in real-world clinical settings. This framework
provides a robust solution for automated ECG analysis and holds significant promise for clinical applications.

Keywords: electrocardiogram classification; deep learning; ResNet; Long Short-Term Memory network; Squeeze-and-

Excitation module; ResLSTM-TemporalSE
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Contractions; LVLL: Low voltage in limb leads; IRBBB: Incomplete right bundle branch Block; LVH: Left ventricular hypertrophy.
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Fig.1 ECG Signal Segmentation.
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Tab.2 Distribution of sample categories in cpsc2018
dataset after truncation processing

Class Raw data Data filtering
Normal 918 1128
AF 1098 1540
I-AVB 704 869
LBBB 207 248
RBBB 1695 2099
PAC 556 902
PVC 672 1149
STD 825 949
STE 202 271
Total 6877 9155

I-AVB: First-degree atrioventricular block; LBBB: Left
bundle branch block; RBBB: Right bundle branch block;
PAC: Premature atrial contraction; STD: ST-segment
depression; STE: ST-segment elevation.
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Fig. 2 Architecture of the ResLSTM-TemporalSE model. A:

structures. C: Temporal SE block.
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Fig.4 Schematic diagram of the Long Short-Term Memory (LSTM) network.
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Fig.8 Trainingl and validation accuracy curves of ResLSTM-TemporalSE with 1r=0.001.
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Tab.3 Performance comparison of the variant models in ECG signal classification tasks

Dataset Model Accuracy Precision Recall F1 Score Loss
ResLSTM-perTemporalSE 73.46% 0.7515 0.6676 0.6797 0.049033
CPSC2018 ResLSTM-LastTemporalSE 89.41% 0.9083 0.8424 0.8653 0.044679
Ours 99.70% 0.9966 0.9370 0.9653 0.024851
ResLSTM-perTemporalSE 43.97% 0.3145 0.6109 0.4123 0.222588
Private dataset ResLSTM-LastTemporalSE 73.78% 0.7442 0.7049 0.7171 0.024013
Ours 82.77% 0.6811 0.8961 0.7723 0.023127

ResLSTM-perTemporalSE: Removeing the TemporalSE module from ResBlocks and adding it solely to the final layer of each ResLayer;

ResLSTM-LastTemporalSE: Removeing the TemporalSE module from ResBlocks and adding it exclusively after the output of

ResLayer4.
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Fig.9 F1-Score by rhythm class on CPSC2018 dataset across model variants.
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Tab.4 Classification performance metrics of different models on the dataset

Dataset Model Accuracy Precision Recall F1 Score loss
Ribeiro et al. 96.62% 0.9309 0.9041 0.9151 0.048194
Zhang et al.** 97.91% 0.9791 0.9314 0.9547 0.036724
CPSC2018
Hwang et al. 99.51% 0.9961 0.9357 0.9644 0.024788
Ours 99.70% 0.9966 0.9370 0.9653 0.024851
Ribeiro et al. ©* 61.36% 0.3841 0.3435 0.3301 0.049832
Zhang et al.** 80.36% 0.7174 0.8396 0.7674 0.040777
Private dataset
Hwang et al. ©*! 67.78% 0.7126 0.5028 0.5801 0.095033
Ours 82.77% 0.6811 0.8961 0.7723 0.023127
5 IHRASEIREMERETEE
Tab.5 Ablation study model performance comparison
Dataset Model Accuracy Precision Recall F1 Score Loss
ResNet 96.65% 0.9665 0.9194 0.9424 0.029559
ResLSTM 98.31% 0.9869 0.9237 0.9535 0.022480
CPSC2018 ResNet-SE 99.58% 0.9956 0.9331 0.9624 0.021720
ResLSTM-SE 99.62% 0.9910 0.9367 0.9624 0.022866
Ours 99.70% 0.9966 0.9370 0.9653 0.024851
ResNet 69.71% 0.6028 0.7415 0.6614 0.067322
ResLSTM 81.41% 0.8084 0.7906 0.7981 0.028402
Private dataset ResNet-SE 79.37% 0.7795 0.7357 0.7507 0.030583
ResLSTM-SE 81.98% 0.6887 0.8757 0.7704 0.019994
Ours 82.77% 0.6811 0.8961 0.7723 0.023127

AT AU, AR SR A T OB PR, ST
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