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Abstract: If an empty-neste gets injured, failure to be taken to the hospital in time may result in lifelong

disability and even life-thre juries. Aiming at the problem, this paper proposes to design a fall detection system
for empty-nesters based gn
firstly, about 7,000 fall data

monitoring video stream is built, the visual detection client is designed, and the server is deployed. At the same time, SMS

(a single stage target detection algorithm). The specific research scheme is as follows:

are built and divided into training set and verification set with the ratio of 1:4. Then, the

threshold and SMS process are integrated into the detection system to realize the timely feedback of the elderly falling
behavior. Finally, more than 100 actual monitoring videos are tested and analyzed. The experimental results show that the
average detection accuracy of the system for falling and normal states is 94.23%; the correct sending of short messages after
falling is 45 times, and the sending success rate is about 98.10%, which can achieve ideal results.
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Fig.1 Architecture flow chart of fall detection system
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Fig.5 Flow chart of YOLOvVS algorithm detection
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ig.6 Image annotation
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