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Research on optimization algorithm for ECG feature point detection
based on ResNet-LSTM network
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(1. School of Electromechanical Engineering, Beijing Information Science and Technology University,Beijing 100192, China;
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Old-Age Disability, Key Laboratory of Neuro-functional Information and Rehabilitation Engineering of the Ministry of Civil Affairs,
Beijing 100176 ,China; 3. The National Research Center for Traditional Chinese Medicine Cardiovascular Diseases at

Xiyuan Hospital,China Academy of Chinese Medical Sciences,Beijing 100091, China)

Abstract: Accurate detection of characteristic points in electrocardiogram (ECG) signals is crucial for medical
rehabilitation assistance devices, cardiac monitoring systems, and cardiovascular disease research. To address the
issues of missed detections and false alarms in traditional methods, this paper proposes an optimized algorithm for ECG
characteristic point detection based on ResNet-LSTM-Differential Threshold. In this study, adaptive thresholding is
utilized to label the characteristic points of ECG signals, followed by training the ResNet-LSTM model on the annotated
ECG signal data. Finally, the differential threshold method is integrated in the decision-making phase to detect R-waves
in parallel. A detection is considered a true positive if either the neural network model or the threshold method
successfully identifies an R-wave. Experimental results demonstrate that the proposed method achieves an R-wave
detection accuracy of 99.4% on the MIT-BIH database, outperforming both single threshold methods and traditional
deep learning approaches in terms of detection precision and computational efficiency. The proposed ResNet-LLSTM-
Differential Threshold method for ECG characteristic point detection effectively enhances the accuracy and robustness of
detection. It enables efficient, precise. and real-time detection of characteristic points even when dealing with complex
and variable ECG signals, offering broad application prospects for various medical devices and healthcare systems.

Keywords: ECG signal; R-wave detection;deep learning;external counterpulsation
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Table 1 Frequency range of each signal in ECG signal

(ERCER S WAL/ He
ECG 0.25~35
Pk 0.5~20
T ¥ 0.5~10

QRS W #f 3~30

LA = 5~2 100

THUF 5 50/60

B <1
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Table 2 Frequency domain range signals of each

component after decomposition

i SR I/ He
D1 90~200
D2 45~90
D3 20~45
D4 11~22
D5 5.625 0~11. 250 2
D6 2.812 5~5.625 0
D7 1.406 3~2.812 5
D8 0.703 1~1.406 3
A9 0~0.703 1
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Fig. 2 Adaptive threshold adjustment
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Fig. 10 Comparison chart of detection methods
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Table 5 T1 evaluates the method proposed in this article

éﬁ% TPk FNy FPg SER/% ACC'R/%

100 2 280 0 0 100 99. 91
103 2 085 0 0 100 99. 96
105 2 527 41 25 98. 33 98. 74
111 2125 2 1 99. 91 98. 97
113 1796 0 0 100 99. 95
117 1533 0 0 100 99. 88
121 1 864 0 0 100 99. 86
123 1520 0 0 100 99. 92
200 2 600 2 2 99. 92 97.63
202 2133 2 1 99. 91 98. 77
210 2 640 5 1 99. 70 98. 33
212 2 754 0 0 100 99. 83
213 3250 0 0 100 99. 92
214 2 262 3 1 99. 87 98. 56
219 2 150 1 4 99. 95 98.73
221 2 428 1 0 99. 96 99. 84
222 2 434 54 2 97. 83 96. 33
228 2 050 3 5 99. 85 97. 65
231 1570 0 0 100 99. 78
232 1780 0 22 100 98. 56
233 3078 1 0 99. 97 98. 38
234 2 754 0 0 100 99. 96
B 49 613 115 64 99. 76 99. 47
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Table 6 Comparison of the effectiveness between the

method proposed in this article and the traditional

threshold method %

R A 92 Sex Accy Precision  Recall
EABMEEDY 99.70 99,62 99. 68 99. 70
NP R 99, 88 99. 83 99. 85 99. 88
BB 99,23 97.05 97.08 99. 23
ESS @RS 99.76 99. 93 99. 93 99. 76
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ARSI 5 ¥k 5 B — 4% R R 7 Bk 0 6 B R SR gk 7
FRR .

RTHEEZER—REEIFEMNLHR
Table 7 Comparison of the effectiveness between the method

proposed in this article and a single deep learning method

H 7Y TPy FNy FPg Sex/% Acck/%
U-net&BiLSTM! 49 470 141 85 99.56 97.56
Autoencoders® 49 329 378 112 99.76 98.76
ATk 49 613 120 64  99.76  99.93
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Table 8 Analysis of ablation experiment indicators

Al Ser/% Acck/% F1/% DER/%
¥ ResNet 98. 42 98. 31 98. 36 1.68
{¢ LSTM 97. 83 97.96 97. 89 2. 04
TR IERS 96. 71 97.12  96.91 3. 09
ResNet+LSTM  99. 01 99.12  99.06 0. 99
ARICT5 99. 76 99. 93 99. 84 0. 24
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Fig. 11 Performance of ablation experiment on T1 dataset
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Fig. 12 Verification of the effectiveness of the method proposed

in this paper by extracorporeal counterpulsation test
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Fig. 13 Effect of blood volume growth during working process
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Fig. 14 Effect diagrams of the extracorporeal counterpulsation

device before and after it operates using the

algorithm proposed in this paper
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