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Abstract—Ground reaction forces (GRF) and joint kinematics 

are critical parameters for gait analysis. The conventional 

approach to acquiring these data is to use force plates installed 

under the walkway and a stationary motion capture system. 

These instruments make real-world analysis difficult and incur 

high costs. One possible solution is to record kinematics with 

wearable sensors and to apply machine learning models to 

predict the GRF. However, a protocol that suits online 

applications and takes greater advantage of portable 

measurements has been underinvestigated.  This study employed 

Extreme Gradient Boosting (XGBoost) to estimate within-

subject three-dimensional (3D) GRF using five lower limb joint 

angles: hip flexion-extension, adduction-abduction and internal-

external rotation, knee flexion-extension, and ankle plantar-

dorsi flexion. These joint angles were computed from publicly 

available data, captured with a camera system (chosen as a 

benchmark), from six participants. For each subject, we used 

four-fold cross-validation to assess the estimator performance. 

The results showed that the model performed the best for 

anterioposterior direction, followed by vertical direction, then 

mediolateral direction, with median average 𝑹𝟐 values of 0.96, 

0.90 and 0.64, respectively. This study demonstrated 3D GRF 

prediction based on kinematic features that could be obtained in 

an online manner. This simple protocol may improve the 

practicality of carrying out online analyses outside the 

laboratory with a small number of wearable sensors such as 

inertial measurement units. 

I. INTRODUCTION 

ROUND reaction forces (GRF) and joint kinematics are 

crucial for understanding human locomotion. These 

observations can help monitor biomechanical loads and 

identify injury risks in sports. Furthermore, these parameters 

are used to derive the internal joint and musculotendon 

variables, which are difficult to measure in vivo, for 

pathological studies and for the development of rehabilitation 

devices. These data are traditionally obtained with motion 

capture systems and force plates fixed along the walkway. 

These instruments are expensive, and their applications are 

limited to laboratory settings. This also constrains the number 

of consecutive gait cycles that can be analysed per walking 

trial. There have been attempts of using pressure insoles to 

address some of these issues [1]. Yet, the experiments are then 

limited to a certain type of footwear, which could affect the 

measured GRF [2]. With the emergence of wearable, cost-

effective, lightweight inertial measurement units (IMUs), 

GRF could be predicted from the acquired kinematics with 
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machine learning models. However, a protocol that i) requires 

input features only from a small number of sensors to 

maintain a high overall equipment portability, and ii) is 

suitable for real-time applications, has not been fully 

investigated. 

In this study, we proposed to predict within-subject three-

dimensional (3D) GRF based on five lower limb joint 

kinematics with a machine learning algorithm, Extreme 

Gradient Boosting (XGBoost) [3]. This ensemble tree-based 

learner has been employed in a variety of applications, and 

has a superior predictive performance when working with 

tabular data [4]. It should be noted that all the necessary input 

features for our model could be acquired in real time and the 

entire estimation could theoretically be executed in an online 

manner even though an offline investigation was performed 

in this study. 

II. METHODS 

A. Participants and Data Processing 

We employed a reference set of publicly available camera- 

based motion capture data from six healthy subjects (29.2 ± 

12.7 years , 1.71 ± 0.09 m, 66.3 ± 8.0 kg) [5]. This set was 

chosen as a benchmark, as here we focused on system 

evaluation under optimal conditions. All participants had no 

limb surgery in the past two years of data collection. All of 

them performed at least four trials of ground-level walking at 

self-selected speed on walkway embedded with two force 

plates and they were instructed to walk normally. The marker 

trajectories and GRF for left stance were extracted from C3D 

files and subsequently stored with OpenSim-compatabile 

format using MOtoNMS toolbox [6]. A generic 

musuloskeletal model [7] was scaled to match the 

anthropometry of each participant in OpenSim [8] based on 

the marker locations. Joint kinematics of five degrees of 

freedom, namely hip flexion-extension, adduction-abduction 

and internal-external rotation, knee flexion-extension, and 

ankle plantar-dorsi flexion were computed via Inverse 

Kinematics tool from OpenSim [8]. The joint angles were 

then low-pass filtered at 6Hz with a second-order Butterworth 

filter. 

B. Estimation Model and Data Analysis 

XGBoost was applied to predict the intra-subject GRF in 

anterioposterior (AP), vertical (V) and mediolateral (ML) 

directions using the five pre-processed joint angles as input 

features. This algorithm iteratively minimizes the objective 

function consisting of the residuals of the learners and the 

regularization term which penalizes the overfitting behavior 
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of the model, 

ℒ = ∑  𝑙(�̂�𝑖 , 𝑦𝑖)
𝑖

+ ∑  Ω(𝑓𝑘)
𝑘

  

  

where 𝑙 is the loss function of the model, �̂�𝑖 and 𝑦𝑖  are the 

estimated value and the true label for the 𝑖th sample 

respectively, and Ω(𝑓𝑘) measures the model complexity of 

tree 𝑓𝑘 [3]. For a trial dataset with 𝑚 features, K learners are 

combined to make the final estimation, 

�̂�𝑖 = ∑ 𝑓𝑘(𝑥𝑖)

𝐾

𝑘=1

 

 

where 𝑓𝑘 ∈ {𝑓(𝑥) = 𝜔𝑞(𝑥)}(𝑞: ℝ𝑚 → 𝑇, 𝜔 ∈ ℝ𝑇) is the tree’s 

space, and 𝑞 denotes the structure of each tree with T leaves 

and ω leaf weight [3].  

The estimated GRF were then low-pass filtered at 15Hz 

using a second-order Butterworth filter. Coefficient of 

determination (𝑅2) values were calculated to evaluate the 

model performance. For each individual subject, the results 

from four trials were cross-validated. This strategy was used 

to tune the hyperparameters of the models and to assess the 

degree of within-subject generalization of the models. For 

each trial, one stance phase was analysed.  

III. RESULTS 

The GRF estimates for each of the three directions from 

one trial and the distribution of average 𝑅2 resulted from 

cross-validation across six subjects are shown in Fig. 1. The 

median values for AP, V and ML directions were 0.96, 0.90, 

and 0.64, respectively. The range and the interquartile range 

for AP, V and ML directions were (0.08, 0.13 and 0.29) and 

(0.02, 0.09 and 0.13), respectively. Both measures showed 

that the spreads for AP and V directions were small compared 

to that for ML direction. In other words, the degree of 

generalization of the models across subjects was relatively 

low for ML direction. This suggests that the features used in 

this study may not be representative enough for ML estimates. 

In overall, the estimator performed the best for AP direction 

despite the presence of one outlier, followed by V direction, 

then ML direction. The less accurate predictions for ML 

direction were also reported by other researchers [9].   

IV. CONCLUSION 

This study predicted intra-subject 3D GRF across six 

healthy subjects based on five pre-computed lower limb joint 

angles using XGBoost. The results showed that the model 

estimates and the measured signals were highly correlated for 

both AP and V directions, and moderately correlated for ML 

direction. Future work on optimizing the inputs for ML 

predictions is planned. This protocol is characterized by its 

input features being real-time accessible with a small number 

of wearable sensors, for instance, IMUs. The proposed 

method may thus enhance the capabilities of translating 

online biomechanical analyses and the use of rehabilitation 

technologies to outside the laboratory.  
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Fig. 1. Left panel illustrates the GRF estimation for one trial for AP (top), 

V (middle), and ML (bottom) directions. Right panel shows the distribution 

of average 𝑅2 across six subjects for each of the three directions. 

 


