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Research on personalized fall detection system based on
multiple sensors and Bi-LSTM
ZHAO Ju, ZHENG Jianli
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[ Abstract] The research could solve the problem of the elderly who fall unexpectedly but cannot be detected and treated in time. In
order to improve the accuracy of fall detection and solve the problem of personalized adaptation, this paper proposes a personalized
fall detection scheme based on multiple sensors and Bi—LSTM neural network with end-cloud collaboration. The system mainly
includes two aspects, one is the realization of the wearable device design and the realization of the real-time fall detection algorithm
adapted to the individual; the other is the construction of the cloud-based personalized fall model based on Bi—LSTM. Wearable
devices mainly use accelerometers, gyroscopes, magnetometers and altimeters for data collection, and conducts real —time fall
monitoring through algorithms. The cloud intercepts time series sensor information through a sliding time window, performs sliding
average filtering on the collected sensor data to remove noise, and analyzes the changes in acceleration, angular velocity, attitude
angle and altitude under different behaviors. Then , the paper preprocess the data such as normalization, finally forms a feature data
set for model training and verification. The experimental results show that the average ACC of the generated personalized model for
falls and daily activities (ADL) is 97.6% , AUC is 98.5%, and the sensitivity and specificity of the algorithm are 97.1% and 96.6%,
respectively, achieving the expected results.
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Fig. 1 The block diagram of the proposed fall detection system
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Fig. 2 Personalized real-time fall detection algorithm
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Fig. 5 Height change of a set of movements of different subjects
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