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Abstract

ALS (Amyotrophic Lateral Sclerosis) is a neurodegenerative disease that seriously affects motor
neurons, and its early symptoms usually manifest as muscle weakness, twitches, and movement dis-
orders. In order to improve the real-time monitoring ability of the health condition of ALS patients,
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patients are monitored without physical contact for 24 hours. This study uses deep convolutional
neural network technology to perform tracking calculations on images and designs a real-time mon-
itoring system that captures and identifies patients’ micro-expressions and micro-motions to make
judgments and issue alarms. It notifies caregivers to handle emergencies within 3 seconds, thereby
avoiding danger to the monitored person. The results show that the method has high detection ac-
curacy and good real-time performance, can effectively identify abnormal states of ALS patients,
and significantly improves the accuracy and reliability of health monitoring. This study provides a
convenient and efficient monitoring method for ALS patients and provides new technical support
for personalized health management and early intervention.
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Figure 1. The SA-RestNet network architecture diagram
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Figure 2. The diagram of the Bottleneck module
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Figure 3. Flowchart of monitoring system operation
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