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Research on wearable fall prediction using TCN-BiLSTM based on
attention mechanism

Li Lingyi', Pan Julong’

( 1. Suzhou Centennial College, Suzhou 215125, Jiangsu, China; 2. China Jiliang University, Hangzhou 310018, China )

Abstract: To ensure timely activation of fall protection airbags with high precision, preventing the elderly from falling and causing serious
physical and mental injuries, a lightweight pre-impact fall detection model fusing a temporal convolutional network, a bidirectional long
short-term memory network, and an attention mechanism is proposed. First, capturing the relevant data window based on fall impact
moment and lead time, while adding Euler angle data features through the quaternion complementary filter algorithm. Then, A hybrid TCN-
BiLSTM model is designed to extract temporal and local spatial features automatically. And at last, with the help of the attention
mechanism, the important feature information is dynamically assigned higher weights to obtain the optimal pre-impact detection effect.
Experimental results show that our proposed algorithm achieves the accuracy of 97. 11% and 98. 13% on large datasets—SisFall and KFall
accordingly. Compared with five other benchmark algorithms, our proposed method establishes its competitive performance. The algorithm
can anticipate a fall event about 215 ms in advance, it has enough time to trigger the fall protection airbag. The model takes about 216 kB
of space and it is suitable for these resource-constrained embedded devices. It has proposed a valuable reference for design of pre-impact fall
detection and wearable protection systems for the elderly.
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Fig. 1 Pre-impact fall detection algorithm architecture
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Tab.4 Comparisons of different models on SisFall and KFall
SisFall/ % KFall/ %
el Attention &7 & RN=F/kB
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