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Figure 1 (Color online) An overview of machine learning assisted data processing of wearable sensing systems
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Figure 2 (Color online) Schematic diagram of gesture recognition using machine learning algorithms based on wearable pressure sensors
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Figure 3 (Color online) User identification and object identification. (a) Intelligent wearable system for human motion monitoring and remote

emergency rescue!'”. (b) Tactile feedback intelligent gloves“zj. (c) Recognition of objects by robot grippers equipped with dual-mode tactile sensors
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Figure 4 (Color online) Vital sign monitoring. (a) A mask sensor network
2

. (b) Intelligent mask with an integrated self powered breathing sensor

[18]

(c) Electrocardiogram sensors placed behind the ear™. (d) Ring-shaped wearable diagnostic device™". (e) Zephyr BioHarness34 and an online stress
monitoring decision support system based on the mobile architecture for electrocardiogram monitoring
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Figure 5 (Color online) Real time prediction system for intelligent socks in VR fitness games[42
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Figure 6 (Color online) Exercise rehabilitation monitoring and diagnosis. (a) Schematic diagram of a rehabilitation brace system[m. (b) Angle sensor

records joint flexion/extension angle[szl. (c) Smart wearable armband™”!
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Table 1 Summary of research status of machine learning aided wearable sensing systems
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In recent years, a proliferation of wearable applications has been observed, fueled by the rapid development of sensor and
integrated circuit manufacturing technology. This surge extends beyond a fleeting trend, signifying a substantial shift in our
interaction with technology and our approach to data collection in daily life. Accompanying this shift, a key research focus
has emerged on the integration of artificial intelligence and machine learning methods, aiming to augment and broaden the
wearable systems’ applications. Enabled by these methods, machine learning-assisted wearable intelligent sensing systems
are not merely passive data collectors. Active monitoring and tracking of human activities and vital signs are conducted,
unlocking considerable potential in human-computer interactions, digital health, and clinical diagnosis areas.

We have organized and summarized the recent advancements in wearable sensor devices, machine learning algorithms,
and their collaborative roles in wearable sensing applications. The evolution of wearable devices is traced from simple
fitness trackers to sophisticated devices capable of monitoring a wide spectrum of biological and physical parameters.
Various types of wearable devices and the diverse sensors they incorporate are then classified. These sensors, empowered
with advanced technologies, are designed to monitor an extensive array of human activities and vital signs, including heart
rate, blood pressure, body temperature, and physical activities.

Furthermore, a thorough analysis is provided on the different categories of wearable devices, encompassing but not
limited to smartwatches, fitness bands, smart clothing, and implantable devices. Each category’s unique features and
applications have been evolved, driven by both technological advancements and user needs.

We turn our attention to the crucial function of machine learning within the framework of wearable sensing systems.
Renowned for their capabilities to adapt from data and foresee results, machine learning algorithms are utilized to sift
through data collected by wearable technology, unlocking valuable insights in the process. This portion of the review
provides an in-depth examination of different machine learning paradigms: Supervised, unsupervised, reinforcement, and
deep learning, and elucidates their tailored applications in wearable sensing systems for identifying activities, monitoring
health, and detecting anomalies.

Additionally, the challenges faced by machine learning-assisted wearable sensing systems are addressed. These
challenges span data privacy and security, energy efficiency, and the need for robust and reliable algorithms. Emphasis is
placed on areas requiring improvement and further research, including enhancing the accuracy and reliability of sensors
and developing energy-efficient algorithms.

In conclusion, potential solutions and future directions are proposed for the development of machine learning-assisted
wearable sensing systems, with an emphasis on the need for continued innovation and research in this field.

intelligent sensing, wearable system, machine learning, flexible electronics

doi: 10.1360/TB-2023-0636

4641


https://doi.org/10.1360/TB-2023-0636

	机器学习在可穿戴智能传感系统中的应用与进展
	1�� 人机交互
	1.1�� 手势识别
	1.2�� 用户识别与物体辨识
	1.3�� 语音识别

	2�� 体征监测
	2.1�� 呼吸监测
	2.2�� 心电监测
	2.3�� 汗液监测

	3�� 人体姿态与动作监测
	3.1�� 运动监测
	3.2�� 运动康复监测与诊断

	4�� 总结与展望


