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Abstract

As common physiological signals, heart sound signal and ECG signal are widely used in clinical
prevention, diagnosis and long-term detection of heart disease. For the monitoring and diagnosis
of heart failure, the existing traditional diagnosis methods are inconvenient, so this paper designs
a heart failure analysis system based on heart sound ECG signal. The physiological signal acquisi-
tion device of the system uses STM32L432KBU6 as the main controller, ADS1292R as the analog
front end to collect the ECG signal, and electret microphone to collect the heart sound signal; then
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connects the mobile phone through Bluetooth, the mobile phone application software displays the
synchronous heart sound ECG signal and uploads it to the cloud platform, realizing remote
real-time monitoring. The multimodal deep neural network deployed on the cloud platform was
used for heart failure analysis. This system is simple to use, and has a high classification accuracy
of heart failure, greatly convenient for family personal use, also can improve the work efficiency of
medical staff to a certain extent.
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Figure 1. System block diagram
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Figure 2. Main control circuit diagram
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Figure 3. Heart sound acquisition circuit
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Figure 4. ECG acquisition circuit
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Figure 5. Effect of ECG filtering
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Figure 6. Filtering effect of heart sound signal
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Figure 7. Signal preprocessing flow chart
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Figure 8. Neural network structure diagram
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Figure 11. Model training
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