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Wearable ECG: History Key Technologies and Future Challenges
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Abstract: With the rapid development of Internet of things ( IoT) big data cloud computing artificial
intelligence ( AI) and other advanced technologies dynamic ECG monitoring has made remarkable progress
towards the direction of wearable intelligent and convenient in recent years. Wearable ECG device can facilitate
the individualized real-time long-term and continuous monitoring of ECG data providing an important carrier
and technical means for the new mode of smart healthcare. This paper firstly summarized the basic concept and
development history of wearable ECG and then reviewed the related key technologies and typical wearable ECG
devices. Finally the perspectives and challenges of wearable ECG are analyzed.
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Fig.1 Typical working principle of wearable ECG device
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Tab.1 Comparison of typical characteristics of four generations of ECG device
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Tab.2 Comparison of typical wearable ECG monitoring
devices
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