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Accurate multidimensional ground reaction forces and moments (GRF/Ms) can be
predicted from marker-based motion capture using Partial Least Squares (PLS)
supervised learning. In this study, the correlations between known and predicted GRF/Ms
are compared depending on whether the PLS model is trained using the discrete inputs
of sex, height and mass. All three variables were found to be accounted for in the marker
trajectory data, which serves to simplify data capture requirements and importantly,
indicates that prediction of GRF/Ms can be achieved without pre-existing knowledge of
such participant specific inputs. This multidisciplinary research approach significantly
advances machine representation of real-world physical attributes with direct application
to sports biomechanics.
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INTRODUCTION: One of the ongoing challenges in sports biomechanics is that data
accuracy necessary for the estimation of internal and external musculoskeletal loads, and
subsequent injury risk, requires dual data capture of marker-based motion and embedded
force plate derived GRF/Ms in controlled research laboratory conditions (Elliott & Alderson,
2007). Some studies have attempted to bring the field to the lab by mounting turf on the
surface of the force plate (Jones, Kerwin, Irwin, & Nokes, 2009; Mdller, Sterzing, Lange, &
Milani, 2010) while others have adopted the reverse approach of taking measurement
devices to the field, either by embedding force plates into the playing surface (Yanai et al.,
2017), or more commonly using in-shoe pressure sensors (Liu, Inoue, & Shibata, 2010; Sim
et al., 2015). However, none of these approaches are successful in producing accurate
GRF/Ms over three orthogonal axes without impacting athlete performance. Efforts to predict
GRF/Ms using non-invasive computer vision techniques show promise but either lack
validation to a gold standard (Soo Park & Shi, 2016; Wei & Chai, 2010) or relevance to
sporting tasks (Chen, Urban, Osendorfer, Bayer, & Van Der Smagt, 2014).

The aim of this study is to test the accuracy of a PLS prediction model with and without the
discrete input variables of sex, height and mass which are often required in traditional
biomechanical data collection pipelines. The first investigation was that removal of sex, and
second, that removal of mass and height, would have negligible effects on predicted versus
known GRF/Ms correlation coefficients for running and sidestepping trials. We hypothesise
that all three discrete variables are inherently accounted for in the marker trajectory data.

METHODS: Mining of archive data was carried out under The University of Western
Australia (UWA) ethics exemption RA/4/1/8415. The capture sessions were carried out at
one of the university’s three biomechanics laboratories over a 13-year period from 2004-
2017 (the design of the study is shown in Figure 1), with participants drawn from a healthy
population, male 69.1 %, female 30.9 %, height 1,741 £ 102 mm and mass 69.75 + 11.47 kg.
Given the customised UWA marker set has evolved in this period, the following subset of
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markers was selected to maximise trial inclusion: C7, sacrum; and hallux, calcaneus and
lateral ankle malleolus of each foot (Besier, Sturnieks, Alderson, & Lloyd, 2003).
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Figure 1: Overall study design.

The laboratory motion capture equipment has varied during this time from 12-20 Vicon
(Oxford Metrics, Oxford, UK) near-infrared cameras of model types MCam2, MX13 and
T40S. An AMTI force plate (Advanced Mechanical Technology Inc., Watertown, MA, USA)
1,200 x 1,200 mm installed flush with the floor measured the six GRF/Ms. Equipment setup
and calibration was conducted to manufacturer specifications using Vicon proprietary
software (Workstation v5.2.4 to Nexus v2.2.3), with data stored in the industry standard
‘coordinate 3D’ c3d file format (Motion Lab Systems, Baton Rouge, LA).

Several pre-processing steps were applied to maximise the integrity of data before training
the PLS model. The foot-strike event was automatically determined by detecting vertical
force greater than a threshold (20 N) over a defined period (0.025 s) along with the vertical
and lateral velocities (0.02 m's™ and 0.15 m-s™) of the dominant foot calcaneus marker
(Milner & Paquette, 2015). The lead-in period before foot-strike was deemed more important
for the predictor variable (kinematic marker trajectories), and therefore contiguous marker
data was trimmed around the foot-strike event from -0.20 to +0.30 s (125 frames), and force
plate data from -0.05 to +0.30 s (700 frames). Analogue force plate data sampled at
frequencies lower than 2,000 Hz and motion capture lower than 250 Hz were time
normalised using piecewise cubic spline interpolation. Sex, height and mass were obtained
from the associated mp file (mp is a proprietary extensible mark-up language XML file format
used by Vicon that stores participant specific session and anthropometric data). Children
were excluded by rejecting trials where the participant height was less than 1,500 mm, this
being two standard deviations below the average Australian adult female height 1,644 + 72
mm (Ward, 2011). Trials with duplicate marker trajectories were rejected, with no regard
whether the data was filtered, the sidestep planned or unplanned, footing crossover or
regular, or foot strike technique. Trials where the participant movement or the start/end
GRF/Ms were unexpected were also removed. Data analysis was conducted using MATLAB
R2016b (MathWorks, Natick, MA) with the Biomechanical ToolKit v0.3 (Barre & Armand,
2014) under Ubuntu v14.04 (Canonical, London, UK) running on a desktop PC, Core i7
4GHz CPU, with 32GB RAM.

Marker trajectories for three movements types were selected as follows: ‘run’ (761 trials),
‘sidestep bilateral’ (1,494 ftrials), and ‘sidestep left’ (1,277 trials). The combination bilateral
sidestep group was created by flipping ‘sidestep right’ trajectories laterally about the global
origin and adding to the sidestep to the left (off the right foot) cohort. If not a sidestep,
movement type ‘run’ was classified by forward motion of at least 2.0 m's”. To test the
hypotheses, three use-cases were investigated: (1) variables sex, height and mass included;
(2) without sex; and (3) without height and mass. To avoid overfitting, 10-fold cross-
validation was used on the each of the movement type data sets. Trained using the 80%
training set, then presented with the 20% test set, a subclass of PLS called Sparse SIMPLS
running in R (Chun & Keles, 2010; R Core Team, 2016) was used to predict GRF/Ms from
marker trajectories which were then compared with the known force plate values. The mean
correlation coefficient was determined for each of the six GRF/Ms and over the ten folds of
data. The mean prediction correlation of the three GRF/Ms provided a measure of model
performance in two numbers r(Fmean) and r(Mmean).
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RESULTS & DISCUSSION: Systematic removal of the discrete variables of sex, then height
and mass, from the input to the PLS model had a negligible effect on the prediction of
GRF/Ms, and the results for the three movement types of ‘run’, ‘sidestep bilateral’ and
‘sidestep left’ are shown in Figure 2. The most accurate prediction pair of r(Fmnean) 0.9803
and r(Mmean) 0.9004 were recorded for movement ‘sidestep left’. The ‘run’” movement type
reported the weakest prediction r(Fuyean) 0.9152 and r(Mpean) 0.7568 from the smallest
sample size (761 trials). The overall high correlations illustrated the suitability of PLS for this
type of regression (temporal profile, number of predictor and output features, and number of
samples).

These results did not improve on earlier testing with a smaller sample r(Fean) 0.9804 and
r(Mmean) 0.9143 (movement ‘sidestep left’, 441 trials) which suggests PLS performance is
dependent on more than sample size. However, mean results were higher than the nearest
comparison in the literature of Oh, Choi, and Mun (2013), who report maximum r(Fmax)
0.9647 and r(Mmax) 0.8987 values for walking.

The proximity of the correlations with and without sex, height and mass indicated all three
variables are fully contained in the marker trajectories. Therefore, the hypothesis that all
three discrete variables are inherently accounted for in the marker trajectory data was
proven.
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Figure 2: Comparison of mean prediction GRF/Ms correlations.

To illustrate the prediction of the PLS model, the individual sample of movement type
‘sidestep left’ (data fold one) with the maximum r(Fmean) 0.9994 is shown in Figure 3.
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Figure 3: Maximum prediction GRFs correlations ‘sidestep left’ (known blue ticks, predicted
red).

CONCLUSION: This study shows that the prediction of GRF/Ms from motion data using PLS
supervised learning can be achieved without prior knowledge of participant sex, height and
mass. The predicted mean correlations of GRF/Ms reported are higher than maxima in the
literature and obtained using fewer markers, however the results illustrate both the suitability
and some of the limitations of approaches employing PLS. Lessons learned in the data
mining and pre-processing can now be applied to more advanced regression techniques.
This study is the first practical application of predicting GRF/Ms from marker trajectories of
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complex sporting movements without the use of a force plate. The discovery that discrete
inputs of sex, height and mass are not required is a major simplification of data capture and
contributes to the goal of real-time accurate GRF/Ms outside of laboratory settings. Paired
with less invasive methods of motion capture (computer vision or inertial sensors), the
overarching goal of this project to achieve accurate real-time prediction of GRF/Ms in the
field is within reach. The independence of the model to the participants’ sex (female or male)
may also have implications for female athlete training and injury prevention. Large-scale
mining of archive biomechanics data is novel, and this study illustrates the practical
outcomes which can be achieved from such a big data approach.
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