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Estimating Running Ground Reaction Force Curves Using Long
Short-Term Memory Neural Network and Markerless Motion
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Abstract: Objective By applying the long short-term memory (LSTM) neural network model and using lower
body landmark coordinates obtained from a markerless motion capture system as inputs, to estimate ground
reaction force (GRF) curves during running. Methods The video images and GRF data of 59 amateur runners
during running were collected by the markerless motion capture system and three-dimensional (3D) force plates.
The LSTM model was established, and the 3D coordinates of 11 lower body landmarks, obtained via the Theia3D
markerless system, were used as inputs to estimate the 3D GRF curves during the stance of running. The
estimation performance was evaluated using correlation coefficients r, root mean square error (RMSE), and

5 H 87 :2025-03-02; f&E HEA:2025-03-25
EEWE . BHFE HRPAZESTH (12132009) , 1 J @ FEABHIF L 55 %% & ¥ 4 (2024TNIJNO09)
BEEE X, H3%, E-mail ; liuhuibupe@ 163. com



ERAEMNE F40E F5H 20255108

1296 Journal of Medical Biomechanics, Vol. 40 No. 5, Oct. 2025

normalized root mean square error ( NRMSE ) by comparing LSTM model estimation and force plate
measurement. Statistical parametric mapping was used to analyze differences in GRF curves estimated by the
LSTM model and measured by the force plate, while paired t-tests were used to assess differences in GRF
characteristics between model estimation and actual measurement. Results A strong correlation ( r>0.85, P<
0.001) and lower error (RMSE<O0. 3 body weight, nRMSE<15% ) was found between the LSTM model estimation
and actual measurements. No significant difference was found in GRF curve intervals between LSTM model
estimation and actual measurements. There was no significant difference in GRF characteristics between LSTM
model estimation and actual measurements ( P>0.05). Conclusions Based on the LSTM model, the 3D GRF
curves can be effectively estimated by lower body landmark coordinates obtained from the makerless motion
capture system, thereby acquiring the highly accurate GRF characteristics. The LSTM model developed in this
study can be used to monitor injury risks during running in outdoor environments.

Key words: long short-term memory model; ground reaction forces; markerless motion capture; running injury
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