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Abstract Fall is a very serious problem for the elderly. Real-time detection of whether the elderly fall or not is of great signifi-
cance to reduce the injury caused by falling. Therefore,a fall detection algorithm based on BP neural network is proposed in this
paper. The algorithm collects human motion data with a six-axis sensor (MPU6050) worn at the waist,and uses a simple statisti-
cal method to extract features from the data. The extracted features are used as input neurons of BP neural network,and Leven-

berg-Marquardt algorithm is used to train the neural network model,so that it can realize the function of fall detection. Experi-

mental results show that the algorithm can recognize falls well and the accuracy can reach 99. 55 %.
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Fig. 3 Diagram of device wearing position
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Fig. 4 Structural chart of BP neural network
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