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Abstract: With the increasing trend of Chind's aging population, fall detection has become a research focus in the field

of public health. In traditional fall jon agorithm based on supervised learning, it is difficult to obtain the real fall data of

the elderly as the basic trainin h& fall detection method, and it fails to consider the personalized adaptation problem.

In view of these problemsy r proposes a personalized fall detection model based on the extended Isolated Forest,
where fall is regarded lassification anomaly detection problem, and a large number of daily behavior data of the
elderly is collected througl™Nwearable sensors. After preprocessing and sliding window feature extraction, the daily behavior
data of each elderly person is modeled separately using the unsupervised extended Isolated Forest algorithm. When the data
does not conform to the normal behavior pattern, the model is determined as falling. The effect of the model is verified by the
public dataset SisFall. The experimental results show that the average recognition accuracy of the personalized fall detection
model based on the extended Isolated Forest is 96.76%, and the average sensitivity and specificity are 97.91% and 94.72%,
respectively, with good performance.
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