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Predicting fall risk is necessary for rescue and accident prevention in the elderly. In this study, deep learning regression
models were used to predict the acceleration sum vector magnitude (SVM) peak value, which represents the risk of a fall.
Twenty healthy adults (aged 22.0+1.9 years, height 164.9+5.9 cm, weight 61.4+17.1 kg) provided data for 14 common daily
life activities (ADL) and 11 falls using IMU (Inertial Measurement Unit) sensors (Movella Dot, Netherlands) at the S2. The
input data includes information from 0.7 to 0.2 seconds before the acceleration SVM peak, encompassing 6-axis IMU data,
as well as acceleration SVM and angular velocity SVM, resulting in a total of 8 feature vectors used to model training. Data
augmentations were applied to solve data imbalances. The data was split into a 4 : 1 ratio for training and testing. The
models were trained using Mean Squared Error (MSE) and Mean Absolute Error (MAE). The deep learning model utilized
1D-CNN and LSTM. The model with data augmentation exhibited lower error values in both MAE (1.19 g) and MSE (2.93
g?). Low-height falls showed lower predicted acceleration peak values, while ADLs like jumping and sitting showed higher

predicted values, indicating higher risks.
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Table 1 Experimental movements

DO1. Stand

DO2. Sit and stand up from floor

DO03. Squat

DO04. Waist bending

DO05. Walking

D06. Jogging

DO07. Stumble while walking

DO08. Jogging in place

D09. Jumping

D10. Walk upstairs and downstairs

D11.Sit and stand up from stool

D12. Collapse in a stool when trying to stand up
D13. Lying on the mattress

D14. Slowly sit and stand up from a low-height mattress

ADL

FO01. Backward fall while walking caused by a slip
F02. Forward fall while walking caused by a trip
F03. Forward fall while jogging caused by a trip
F04. Backward fall when trying to sit down
F05. Forward fall while sitting

Fall FO06. Lateral fall while sitting
F07. Backward fall while sitting
F08. Forward fall when trying to get up
F09. Forward fall
F10. Lateral fall
F11. Backward fall
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c
3z onset impact
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g
gl
gl
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Fig. 2 Windowing example: fall movement
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Fig. 3 Data augmentation examples
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