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ABSTRACT
Kinetic investigations of human activities require the inertial parameters of the body
segments (i.e., mass, the centre of mass position and inertia tensor) to be estimated.
However, estimation of these segmental inertial parameters is challenging, due to the
complex mechanical properties of the human body, and the substantial variability in body
composition and size among individuals. Several estimation methods proposed in the
literature addressed these challenges but faced the same conundrum: ensure greater
accuracy of the estimation procedures at the cost of expediency, or ensure greater
expediency by minimising accuracy. Moreover, some modelling assumptions widely adopted
to reduce the complexity of the human body (e.g., segment rigidity and the alignment
between the anatomical and the principal axes of inertia), may result in artefacts during
biomechanical investigations of more complex human manoeuvres.
The overall aims of this thesis were to develop, validate and demonstrate the application of
two methods that estimate participant-specific segmental inertial parameters from twodimensional (2D) mass distribution data output by dual-energy X-ray absorptiometry (DXA).
The first method (DXA/Vol) used DXA derived 2D mass distribution data to create a rigid
volumetric template of the body under a uniform density assumption. The second method
(DXA/3D) merged DXA derived mass distribution data with a full body three-dimensional (3D)
surface mesh produced by surface scanners that represented the body as an inertial system
of particles as opposed to a collection of rigid objects.
A series of three studies were conducted to address the thesis aims. The first study assessed
a new technique to validate the inertia tensor estimates from both the DXA/Vol and DXA/3D
methods. In brief, this validation technique consisted of projecting a rigid body airborne with
uncontrolled but purposeful rotations. The 'ground truth' experimental angular velocity of
the object while airborne was directly recorded and compared with simulations of the same
motion performed using a model of the rigid body comprising inertia tensors calculated using
the new estimation methods. The results from this study showed that the proposed new
validation technique is a suitable alternative to the use of the traditional compound
pendulum as a criterion approach to validate inertia tensor estimates. Furthermore, the
study indicated that the orientation of the principal axes of inertia could not be neglected
for objects with large differences in mass distribution about the principal axes, which is
particularly critical in assessing upper limb segmental motion.
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The second study described in detail the DXA/Vol and the DXA/3D methods and discussed
the validation results of both methods. Using a solid-frozen cadaveric porcine specimen, both
DXA/Vol and DXA/3D displayed errors of less than 1% in mass and 7.0 mm in the centre of
mass position, when compared with criterion measures. The new validation technique
proposed in the first study showed that the inertial tensors derived from the DXA/Vol and
DXA/3D, yielded simulations of the solid-frozen specimen that more closely matched groundtruth experimental kinematics than the traditional compound pendulum approach.
Subsequently, the DXA/Vol and DXA/3D methods yielded accurate segmental inertial
parameter data while also minimising the impact of high cost, limited access and labourintensive data analysis processes commonly associated with estimation methods using
medical imaging technologies.
The aims of the third study were twofold. First, the study compared the segmental inertial
parameters of elite athletes (female hockey players) estimated using the DXA/Vol against
indirect predictions from a generic musculoskeletal model scaled in OpenSim. Then, it
assessed whether models accounting for (i) participant-specific body segment IP (derived
using DXA/Vol) and/or, (ii) additional torso degrees of freedom results in improved dynamic
consistency when compared with a scaled, generic OpenSim whole-body model. The
dynamic consistency was quantified as the vectorial difference between the summation of
all internal forces applied to the model and the ground reaction forces, namely the residual
forces, during sidestepping manoeuvres. Despite the significant differences in inertial
parameters observed for all segments, these differences did not meaningfully impact on the
measured residual forces. These results suggest that other modelling and processing sources
of errors should be held with greater priority during dynamic analyses of sidestepping
manoeuvres that require a whole-body musculoskeletal model (i.e., forward dynamic
analyses).
In summary, the findings from this thesis show that the novel DXA/Vol and DXA/3D methods
developed in this research can successfully estimate segmental inertial parameters
accurately and with greater expediency than previously published medical imaging methods.
Finally, both methods provide the groundwork for future research aiming to further
overcome the limitations of widely adopted modelling assumptions such as the segment
rigidity, and negligence of true orientation of the principal axes of inertia.
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Figure 3.1

Orientation of three cylinder models at four different
sampled instants during the airborne motion (t0, t1, t2 and
t3). The first model was animated with the experimental
kinematics (Exp) performed with the Inverse Kinematics
tool in OpenSim. With each of the other two models
featuring inertia tensor estimated with Geometric
Formulae or the Compound Pendulum methods,
simulations were performed to animate the models (SGF
and SCP, respectively) in OpenSim Application Program
Interface (API) run in Matlab. The exemplified simulation
was undertaken using data sampled at instant t1 from the
experimental kinematics as initial state.
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Figure 3.2

Flow chart describing all analyses carried out in the
present study. The Inverse Kinematics tool in OpenSim
(OS) used the experimental marker trajectories of the
cylinder recorded with Vicon Nexus to output the groundtruth experimental kinematics. The sampled experimental
kinematics were also used as initial states to simulate the
cylinder flight in OpenSim API run in Matlab. To test the
first hypothesis, simulations were run using models
featuring principal moments of inertia computed with
geometric formulae (GFIX, GFIY and GFIZ) and estimated with
the compound pendulum method (CPIX, CPIY and CPIZ). To
test the second hypothesis, perturbed models with varying
magnitudes in principal moments of inertia (IX, IY and IZ)
and orientation of principal axes of inertia (IX, IY and IZ)
were created through Monte Carlo Analysis in OpenSim
Application Program Interface (API), within ranges of
allowable bounds. Matlab custom functions were used to
(i) calculate the time history of angular velocity vectors
from the ground-truth experimental kinematics and every
simulation and (ii) compare the orientations of the
experimental and the simulated angular velocity vectors
by measuring the deviation angles and the root mean
squared deviation angle for each simulation.
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Figure 3.3

Subplot A shows boxplot figures summarizing the
distribution of root mean squared deviation angles (deg)
of flight simulations using principal moments of inertia
from the geometric formulae (GF) and the compound
pendulum (CP). Boxplots summarising distribution of root
mean squared deviation angles from the Monte Carlo
analysis are shown in subplot B1, B2 and B3. Subplot B1
shows results for variations in magnitude of principal
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moments of inertia within 0%, ± 2.5%, ± 5%, ± 7.5% and ±
10% of the values found with the geometric formula;
subplot B2 shows results for variations in orientation of
principal axes of inertia within 0o, ± 2.5 o, ± 5 o, ± 7.5 o and ±
10o offset from cylinder coordinate system (CCS) axes;
subplot B3 shows results for combined variations in
corresponding allowable bounds for principal moments
and axes of inertia. Whiskers are set to the 10th (lowest)
and 90th (highest) percentiles.
Figure
3.SM1

Holder frame with the retro-reflective markers holding the
steel cylinder, the orientation of the Frame Coordinate
System (FCS, black) and the Cylinder Coordinate System
(CCS, grey).
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Figure 4.1

The compound pendulum trials. The solid-frozen pig
cadaver was firmly secured within a custom-designed
oscillating holder frame (A). The diagram (B) shows the
orientation of six axes about which the frame was allowed
to oscillate.

109

Figure 4.2

The DXA/Vol method.
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Figure 4.3

The DXA/3D method.
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Figure 4.4

Visual inspection to determine an optimal number of
layers for the DXA/3D method. The sagittal (IX),
longitudinal (IY) and transverse (IZ) principal moments of
inertia were estimated from DXA/3D templates with the
number of internal layers varying from 0 to 50.
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Figure 4.5

Comparison between simulations using the CP, DXA/Vol
and DXA/3D models. The differences in the estimated
inertia tensors resulted in different orientations in space
between the three models. These simulations were
performed using the same initial conditions tracked from
the experimental kinematics.
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Figure 4.6

Assessment of the airborne simulations performed with
120
the three different models. These boxplots show the
distribution of the root mean squared deviation angles
deviation angles (left, degrees) for the models adopting
the inertia tensor estimated with the compound pendulum
(CP), DXA/Vol and DXA/3D methods. Lower whisker length
set to the 10th percentile; upper whisker length set to the
90th percentile.
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Figure 5.1

Two-dimensional mass distribution profiles of bone
minerals (A), soft tissue (B) and the whole body (C). The
resulting DXA/Vol volumetric template after adopting
uniform density of 1g/cm3 (D).

136

Figure 5.2

The 45 DoF, 20 segments full-body rigid-linked skeletal
model. Two ball-and-socket joints (3 DoF) were added to
the single torso segment of the original 39 DoF, 18
segment model, at the thoracolumbar and cervicothoracic
joints (shaded area).
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Figure 5.3

Overview of the experimental procedure to calculate the
residual forces and moments held in the pelvis segment
for each of the four musculoskeletal models per
participant.
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Figure 5.4

Comparison between the segmental inertial parameters
predicted with the scaling tool in OpenSim (OSIP) and
estimated with the DXA/Vol method. Significant
differences (p<0.05) are indicated by (*)
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Figure 5.5

Group means (SD clouds) of the transverse (panel A),
143
sagittal (panel B) and longitudinal (panel C) components of
the residual force held at the pelvis. The first column of
each panel compares Single-Torso vs. Multi-SegmentTorso for models adopting the generic-scaled (OSIP, top)
and (DXA/Vol, bottom) segmental inertial parameter
followed by the ANOVA results for main Torso degrees of
freedom (DoF) effect. The second column of each panel
compares OSIP vs. DXA/Vol for models that adopted a
single torso segment (top) and a multi-segment torso
(bottom), followed by the ANOVA results for main inertial
parameter (IP) effect. The last row of each panel shows
the interaction effect. The vertical lines drawn on the top 4
windows show the weight acceptance (WA) at 33% of the
stance phase.

Figure 5.6

Group means (SD clouds) of the transverse (panel A),
sagittal (panel B) and longitudinal (panel C) components of
the residual moment held at the pelvis. The first column of
each panel compares Single-Torso vs. Multi-SegmentTorso for models adopting the generic-scaled (OSIP, top)
and (DXA/Vol, bottom) segmental inertial parameter
followed by the ANOVA results for main Torso degrees of
freedom (DoF) effect. The second column of each panel
compares OSIP vs. DXA/Vol for models that adopted a
single torso segment (top) and a multi-segment torso
(bottom), followed by the ANOVA results for main inertial
xiii
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parameter (IP) effect. The last row of each panel shows
the interaction effect. The vertical lines drawn on the top 4
windows show the weight acceptance (WA) at 33% of the
stance phase.
Figure
5.A1

Group means (SD clouds) of the transverse (panel A), sagittal
(panel B) and longitudinal (panel C) components of the right hip
joint moments. The first column of each panel compares SingleTorso vs. Multi-Segment-Torso for models adopting the genericscaled (OSIP, top) and (DXA/Vol, bottom) segmental inertial
parameter followed by the ANOVA results for main Torso
degrees of freedom (DoF) effect. The second column of each
panel compares OSIP vs. DXA/Vol for models that adopted a
single torso segment (top) and a multi-segment torso (bottom),
followed by the ANOVA results for main inertial parameter (IP)
effect. The last row of each panel shows the interaction effect.
The vertical lines drawn on the top 4 windows show the weight
acceptance (WA) at 33% of the stance phase.
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Figure
5.A2

Group means (SD clouds) of the transverse (panel A), sagittal
(panel B) and longitudinal (panel C) components of the left hip
joint moments. The first column of each panel compares SingleTorso vs. Multi-Segment-Torso for models adopting the genericscaled (OSIP, top) and (DXA/Vol, bottom) segmental inertial
parameter followed by the ANOVA results for main Torso
degrees of freedom (DoF) effect. The second column of each
panel compares OSIP vs. DXA/Vol for models that adopted a
single torso segment (top) and a multi-segment torso (bottom),
followed by the ANOVA results for main inertial parameter (IP)
effect. The last row of each panel shows the interaction effect.
The vertical lines drawn on the top 4 windows show the weight
acceptance (WA) at 33% of the stance phase.
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Figure
5.A3

Group means (SD clouds) of the transverse (panel A), sagittal
155
(panel B) and longitudinal (panel C) components of the
lumbosacral joint moments. The first column of each panel
compares Single-Torso vs. Multi-Segment-Torso for models
adopting the generic-scaled (OSIP, top) and (DXA/Vol, bottom)
segmental inertial parameter followed by the ANOVA results for
main Torso degrees of freedom (DoF) effect. The second column
of each panel compares OSIP vs. DXA/Vol for models that
adopted a single torso segment (top) and a multi-segment torso
(bottom), followed by the ANOVA results for main inertial
parameter (IP) effect. The last row of each panel shows the
interaction effect. The vertical lines drawn on the top 4
windows show the weight acceptance (WA) at 33% of the
stance phase.
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Chapter 1
INTRODUCTION

1.1

Introduction

The inertial parameters (IP) of the human body segments are the mass and some analytic
representation of how the mass is distributed within the segment. Therefore, with the aid of a
local reference frame, the centre of mass position (i.e., the mean location of mass distribution)
and the inertia tensor (i.e., a 3x3 matrix representing how mass is distributed about the axes
of the reference frame) are also expressed. The IP of body segments are paramount for the
dynamic analyses of human activities, which rely on the relationship between the observed
motion (kinematics) and the causes of that motion (kinetics). Commonly, dynamic analyses
adopt a simplified mechanical model as a surrogate of the human body during the assessed
activity. This mechanical model, governed by the Newton-Euler equations of motion,
comprises interconnected segments whose IP are representative of those from the assessed
participant. This makes it possible to estimate net joint forces and moments from the recorded
motion (inverse dynamics) or to simulate motion from known forces and moments applied to
the model (forward dynamics).

The estimation of segmental IP is a challenging task given the complexity of the human body
and the fact it comprises several tissues with varying mechanical properties (e.g., density,
stiffness, elasticity and viscosity). Due to these mechanical properties, the IP are always
changing under the influence of external forces and changes in body pose. Moreover, the
relative proportion of the comprising tissues as well as the body shape varies among
individuals, leading to variations in segmental IP within and among different populations.

1

Chapter 1: Introduction

As means to account for the complexity of the human body, several estimation methods of
segmental IP have been devised. Inevitably, each of these methods require modelling
assumptions that aim to reduce this complexity, while maintaining sufficient resemblance
between the model and the body. Some modelling assumptions may also be adopted to
assure adequate accuracy without rendering the estimation of the segmental IP too
cumbersome. In general, researchers are required to choose between relying on segmental
IP estimated using (i) medical imaging technologies that are accurate yet expensive and not
broadly accessible, and (ii) regression equations and geometric models based on
anthropometric measures that have limited accuracy but are inexpensive and easy to apply.
The second choice is the most common, largely because the related accuracy is sufficient for
investigations of functional locomotion through inverse dynamics (Durkin, 2008), arguably the
most prevalent research topic in biomechanics. However, different human activities may be
hampered if the estimation method does not warrant sufficient accuracy, e.g., sporting
manoeuvres involving high accelerations of upper limbs or complex motion of the entire body
in three dimensions. The emerging field of forward dynamic analyses is another example of
the importance of accuracy in segmental IP estimation (Myers, Laz, Shelburne, & Davidson,
2015; Wesseling, de Groote, & Jonkers, 2014). Forward dynamics often requires the entire
body to be modelled and is highly sensitive to the dynamic inconsistency between the
kinematics of the mechanical model and the external forces applied to it. Thus, the use of
inaccurate IP during forward dynamic analyses may result in the entire multi-link system
generating and accumulating errors very quickly (Winter, 2009). Subsequently, many
biomechanical investigations cannot rely on the accuracy provided by the most feasible,
regression and geometric model estimates of segmental IP.

However, estimation methods based on medical imaging technologies may also adopt
modelling assumptions that may render the segmental IP inaccurate. One possible source of
inaccuracy warranting further investigation is the use of the moments of inertia about the
anatomical axes, as surrogates for the segmental inertia tensor. In brief, the inertia tensor has
three orthogonal eigenvectors that define the only axes about which the torque applied would
yield rotation about the axis alone, i.e., the principal axes of inertia. The perfect alignment
between the principal axes of inertia of a segment and the anatomical axes is one of the most
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common modelling assumptions of segmental IP estimation. Thereby, the moments of inertia
about the anatomical axes can replace the segmental inertia tensor, which is particularly
convenient when relying upon geometric models or regression equations to predict the IP.
However, there is insufficient experimental evidence to either reject or accept this modelling
assumption (Zatsiorsky, 2002). Indeed, the relationship between the inertia tensor and the
rotational dynamics of a given object is not as intuitive as the relationship between its mass
and linear dynamics. Further, the current procedure to validate estimations of inertia tensor
has been criticised in the literature (Dowling, Durkin, & Andrews, 2006; Durkin, Dowling, &
Andrews, 2002). Criterion values for the inertia tensor are usually derived from the compound
pendulum method, which is shown to be highly sensitive to the uncertainties of the
experimental variables measured during the oscillation procedure. These uncertainties may
then render the criterion values from the compound pendulum not sufficiently accurate
(Dowling, Durkin, & Andrews, 2006; Durkin, Dowling, & Andrews, 2002). Consequently, the
development of alternative methods to validate segmental inertia tensor estimates is critical in
assessing the accuracy of any new estimation method of segmental IP.

Segment rigidity is another modelling assumption for estimation of segmental IP that may
cause artefacts during dynamic analyses of human motion. This assumption is the most
commonly adopted, as it ensures constant segmental IP values and substantially reduces the
complexity of the human body for the surrogate mechanical model. However, this assumption
requires segments to have well-defined boundaries, and the definition of these boundaries
(i.e., the segmentation protocol) may vary across estimation methods. It is also impossible to
avoid mass displacement from one segment to the next due to joint motion (Zatsiorsky, 2002),
or even within the segment as a function of muscle contraction (Pain & Challis, 2001). Indeed,
the rigid body assumption is particularly invalid when considering the non-rigidity of the torso
segment. In addition, segment rigidity does not account for the dampened, oscillating motion
of the soft tissue relative to the skeleton during activities involving impacts. This artefact,
namely wobbling mass, cannot be neglected during dynamic analyses of activities such as
drop landing and running (Gruber, Ruder, Denoth, & Schneider, 1998; Liu & Nigg, 2000; Pain
& Challis, 2006).
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1.2

Statement of the Problems

Recent advances in medical image analysis, computer sciences and software engineering
have had a remarkable impact on the field of biomechanics. Conversely, research related to
the estimation of segmental IP seems to have stagnated, despite the potential of technological
advances to transcend the limitations associated with the current IP estimation methods.
Specifically, methods need to be developed from already available technologies as means to:


estimate segmental IP with high accuracy, while overcoming the limitations normally
associated with medical imaging technologies, such as high cost and accessibility,



propose alternatives to traditional modelling assumptions (e.g., segment rigidity and
alignment between segmental principal axes of inertia and anatomical axes) that
currently introduce artefacts to more complex types of dynamic analyses and
assessed movements.

Additionally, the use of the compound pendulum method to validate segmental inertia tensor
estimations is now regarded obsolete, as the output inertia tensor does not have sufficient
accuracy to be adopted as the criterion against estimations obtained from modern medical
imaging technologies. Thus, the development of a new experimental setup, relying on
accurate ground truth measures, is paramount in our attempts to validate new advances in IP
estimation approaches.

1.3

Research Aims

The present research aimed to develop, validate and demonstrate the application of two
methods that estimate participant-specific segmental IP from two-dimensional (2D) mass
distribution data output using dual-energy X-ray absorptiometry (DXA). The first method
created a volumetric template of the body (DXA/Vol) under a uniform density assumption,
whereas the second method merged the mass distribution data with a three-dimensional (3D)
surface mesh of the body created with surface scanners (DXA/3D). In contrast with previous
approaches that merged these technologies (Lee, Le, Fang, & Koh, 2009), the proposed
DXA/3D was the first estimation method to model each segment as an inertial system of
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particles rather than a rigid object. This system of particles was registered to a one-dimensional skeleton embedded in the 3D mesh of the participant, similar to a technique commonly
adopted in the animation of 3D figures (Baran & Popovic, 2007). Changes in the pose of the
embedded skeleton yielded re-arrangement of the inertial particles, allowing the segmental IP
to be computed as a function of the skeletal pose rather than held constant.

As means to validate the ability of both DXA/Vol and DXA/3D methods to represent body
segment mass distribution, an ad-hoc study was conducted to assess a novel validation
technique for inertia tensor estimates. In brief, this validation technique consisted of projecting
airborne, with uncontrolled but purposeful rotations, a rigid body whose inertia tensor had been
previously estimated using DXA/Vol and DXA/3D approaches. The airborne experimental
angular velocity was recorded (considered ground-truth data) and compared against
simulations of the same motion that utilised the newly estimated inertia tensors of the rigid
body. Specifically, this comparison consisted of measuring the difference in orientation
between the experimental and the simulated angular velocity vectors, a difference termed the
deviation angle (DA). Thus, the smaller the DA throughout the time history of the experimental
ground truth airborne motion and the simulated motions, the more accurate the DXA/Vol and
DXA/3D derived inertia tensor estimates.

Only the application of the DXA/Vol method was demonstrated in the latter half of this thesis
due to time limitations and the computer vision complexity of implementing the DXA/3D in
humans. Differences between segmental IP estimates of elite female field hockey players
using a DXA/Vol approach, against those estimated in OpenSim (Delp, 2007) following the
scaling of a generic musculoskeletal model was first established. The influence of any
recorded differences on the global dynamics of musculoskeletal models commonly used to
analyse sidestepping manoeuvres was then assessed. Finally, an examination of the effect of
increasing the degrees of freedom of the torso segment on the global dynamics of
musculoskeletal models during sidestepping was also undertaken. For these purposes, four
distinct musculoskeletal models were created for each female hockey player participant in
OpenSim. These models accounted for the four possible combinations of types of torso
modelling (single segment [1] and multiple segments [2]) and IP data (estimated using
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DXA/Vol [3] and predicted during scaling of the generic model[4]). The continuous time-series
of the residual forces during the sidestep (i.e., the difference between the experimentally
measured ground reaction force and the summation of all internal forces that drive the model)
were computed for each of these models during sidestepping and compared. Subsequently,
the application of the DXA/Vol approach was demonstrated within two contexts: (i) estimation
of segmental IP in participants from a population with specific anthropometric characteristics
(e.g., elite athletes), and, (ii) relevance of participant-specific segmental IP for reducing
dynamic inconsistencies between a musculoskeletal model’s global dynamics and
experimentally recorded ground reaction force.

1.4

Significance of the Research

Both DXA/Vol and DXA/3D methods aim to estimate segmental IP accurately, rapidly, and at
minimum cost through the use of accessible technologies. DXA is an affordable and readily
available medical imaging technology due to its simple operational technology and wide
clinical applicability in areas such as bone densitometry and body composition assessment
(Haarbo, Gotfredsen, Hassager, & Christiansen, 1991; Laskey, 1996; Mazess, Barden, Bisek,
& Hanson, 1990; St-Onge, Wang, Horlick, Wang, & Heymsfield, 2004). Moreover, DXA
scanning exposes participants to a minimal dose of radiation, being safer than gamma-ray
and computerised tomography scanners that are also commonly used to estimate segmental
IP. The method that integrates mass distribution data from DXA and 3D surface meshes
(DXA/3D) has a promising future in biomechanical research. 3D scanners are becoming
increasingly popular and feasible due to a wide range of possible applications, including
metrology, industrial design, prosthetics and the entertainment industry. Similarly, other
biomechanical applications may also benefit from 3D surface scans, e.g., markerless motion
capture techniques (El-Sallam et al., 2013; Mündermann, Corazza, & Andriacchi, 2006) or
assessment of swimming performance through computational fluid dynamics (Keys, Lyttle,
Blanksby, & Cheng, 2015). It is clear that DXA/Vol and the DXA/3D methods have the potential
to be adopted in worldwide biomechanical research centres that require accurate segmental
IP data.
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The development of a new technique to validate segmental inertia tensors also presents
several advantages. First, rather than relying on a criterion inertia tensor, the proposed new
validation technique adopts empirical data as 'ground truth' reference data, i.e., the orientation
of the angular velocity vectors collected experimentally. Additionally, the experimental setup
associated with the custom validation technique is simpler than that of the traditional
compound pendulum approach, as it does not require the design and construction of a frame
holder and a fixed structure to perform an oscillation of the rigid object. Further, the required
motion simulations can be performed in OpenSim, a freely-available open-source platform.
Finally, the proposed technique validates all components of the inertia tensor, as opposed to
just the moments of inertia about anatomical axes, thereby facilitating the investigation of
principal axes of inertia orientation errors that can occur during rapid and complex movements
of the upper limbs.

Finally, the present study establishes a foundation for future research that aims to overcome
the segment rigidity assumption limitations as applied to dynamic movement assessments.
For instance, the combination of 3D surface scan and DXA methods enable torso IP to better
reflect attainable postures. This work also provides an initial platform to inform biomechanical
models that seek to account for soft tissue displacement (wobbling mass) given DXAs capacity
to separate mass distributions of soft (e.g. muscle, adipose) and theoretically rigid (e.g. bone)
tissue. Continued improvements to DXA derived segment IP methods is a valuable
contribution to the field’s ongoing efforts in the creation of participant specific data for use in
personalised multi-scale musculoskeletal biomechanical models.

1.5

Thesis Outline

1.5.1 Thesis as a series of papers
The University of Western Australia supports the submission of PhD theses that comprise a
series of papers prepared for publication. This structure has been adopted by the candidate
in the submission of this thesis, with each of the resulting independent research papers
corresponding to a single chapter of the thesis. Each paper is stand-alone in content; however,
to emphasise the theoretical linking between the papers, each of the respective chapters
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commences with a linking statement to aid examiner readability. Consequently, theses
adopting a series of papers approach can result in repetition of methodology from chapter to
chapter. Please note that wherever possible reference to previous papers within the thesis
has been undertaken; however, at times the examiner may encounter redundancy in the
course of reading that cannot be avoided due to the stand-alone paper approach adopted.

1.5.2 Chapter Two – Literature review
The literature review is a comprehensive and critical overview of previous research in the area
of body segment IP. This chapter commences with a list of most commonly adopted methods
to estimate segmental IP in cadavers and extant human participants and examines the most
important modelling assumptions adopted by these methods. Previous research assessing
the influence of segmental IP data and associated modelling assumptions of inverse and
forward dynamic analyses of human activities are reviewed and critiqued. This serves as the
foundation to the conclusion of the literature review, where the meaningfulness and relevance
of traditional segmental IP estimation methods, together with the method proposed in this
thesis are discussed with reference to their use in dynamic analysis.

1.5.3 Chapter Three – Study One
A new validation technique for estimations of body segment inertia
tensors: principal axes of inertia do matter.
The aims of this study are to:


establish a new technique to validate inertia tensor estimates. This laboratory based
new validation technique consists of projecting a rigid object through a calibrated
volume with uncontrolled but purposeful rotation. The experimental angular velocity
of the rigid object establishes ‘ground truth’ data for comparison against simulations
performed using the newly estimated object inertia tensor. Differences in the
orientation of the angular velocity vector between the experimental and simulation
outputs are assessed using the deviation angle;
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test the sensitivity of the simulations, as measured by deviation angles, to changes in
the inertia tensor components by varying the magnitudes of the principal moments of
inertia and the orientations of the principal axes of inertia.

It is hypothesised that:


airborne projection of an object comprising uniform density and geometric shape will
yield smaller deviation angles when the inertia tensor is computed using geometrical
formula, compared with inertia tensor estimates derived using a compound pendulum
method,



simulations of the airborne motion will be sensitive to variations in (i) principal
moments of inertia magnitude (within ±10% of the values computed with geometric
formula), (ii) principal axes of inertia orientation (within ±10o of the geometrically
determined baseline), and (iii) a combination of principal moments magnitude and
axes orientation (within ±10% and ±10o respectively, of the geometrically determined
baseline).

1.5.4 Chapter Four – Study 2
Two feasible and accurate methods to estimate participant-specific
three-dimensional body segment inertial parameters from dual-energy
X-ray absorptiometry areal density data.
The aim of this study is to validate two different methods to estimate 3D, participant-specific
IP of body segments, from 2D mass distribution data using DXA imaging. The first method
assumes uniform density to create a volumetric template of the body (DXA/Vol) and the
second method merges the 2D mass distribution data with a 3D surface mesh of the body
(DXA/3D).

It is hypothesised that:
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inertial parameters derived using standard experimental methods (force plate
readings and the compound pendulum) will not be significantly different to those
estimated using DXA imaging derived estimates (DXA/Vol and DXA/3D) (null
hypothesis form as directionality is unknown),



the inertia tensors estimated using DXA/Vol and DXA/3D methods will better reflect
‘ground-truth’ experimentally collected data, as reflected by smaller deviation angles,
when compared with the inertia tensor estimated using the compound pendulum
method.

1.5.5 Chapter Five – Study 3
The influence of inertial parameters on whole-body inverse dynamic
analyses during sidestepping
The primary aim of this study is to determine if models accounting for (i) participant-specific
body segment IP (derived using DXA/Vol) and/or, (ii) additional torso degrees of freedom
results in improved dynamic consistency (i.e. reduced residual forces), when compared with
a scaled generic OpenSim whole-body model.

It is hypothesised that:


there will be significant differences in segmental IP of elite female field hockey players
derived using the participant-specific DXA/Vol method, when compared with IP data
predicted during the scaling of a generic OpenSim model (OSIP),



during the sidestepping assessment, when compared with the generic OSIP model,
there will be significant differences in pelvis residual forces and moments in custom
models comprising (i) increased torso degrees of freedom (multi segment), and (ii)
directly estimated participant-specific segmental IP using the DXA/Vol method.
Residual forces and moments will further be significantly different when models using
a combination of (i) and (ii) are employed.
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1.5.6 Chapter Six – Synthesis of Findings and Conclusions
The final chapter of the thesis comprises a synthesis of the overall results of each study,
followed by an integrated discussion of the major findings throughout the thesis. It outlines the
limitations and broader conclusions of the presented research and concludes with implications
and directions for future research in the field.

1.6

Limitations and Delimitations

1.6.1 Limitations
The generality of the findings may have been limited by the following aspects:

Study 1


one geometric object was projected airborne;



one recorded airborne motion was assessed;

Study 2


one biological specimen was used;



a frozen rigid porcine specimen was used as opposed to a human specimen;



one recorded airborne motion was assessed;



the DXA/Vol segment IP estimation approach assumed a uniform density of 1g/cm 3;

Study 3


the DXA/Vol segment IP estimation approach assumed a uniform density of 1g/cm3;



only two extra joints were included in the torso to account for changes in the pose of
the segment during the sidestepping task;
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1.6.2 Delimitations
The following aspects of the research were delimited to define workable research problems,
or because controlling their influence was beyond the scope of the research:

Study 1


the object projected airborne was required to have uniform density and to be perfectly
geometrical so its inertial properties could be calculated using geometric formula;

Study 2


the assessed biological specimen was frozen solid due to the validation assessment
requiring the IP to be held constant during the airborne motion (i.e. remove wobbly
mass effects);

Study 3


DXA/Vol was the only method adopted to estimate participant-specific segmental IP
in humans due to time and technical limitations of applying the DXA/3D method to
humans participants;



DXA/Vol method was only compared against the scaling equations used in OpenSim.
Comparisons against data derived using alternative medical imaging technologies
(e.g. MRI) was cost prohibitive, while comparison against other regression equations
or geometric models only served to unacceptably prolong an already lengthy data
collection;



players representing the Australian National Women’s Hockey team were recruited
for this study, and thus the results may not be generalisable to male or recreational
hockey players, or athletes from different sports;



for consistency with the studies previous research in the field, and to aid comparisons,
only sidestepping trials with an approach velocity between 4.5 m·s–1 and 5.5 m·s–1
were considered for inclusion in the study.
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Chapter 2
LITERATURE REVIEW

2.1

Introduction

The inertial parameters (IP) of a body segment (i.e., mass, the centre of mass position and
inertia tensor) are the analytical descriptions of segmental mass distribution that represent the
link between the forces/torques applied to the segment and the resulting motion thereof.
However, estimation of segmental IP is challenging, due to the complexity of the human body
and also due to the considerable variability in body composition and size among individuals.
Both inverse and forward dynamic analyses of human motion require the complex nature of
the human body to be reduced so biomechanical models can be adopted as templates during
motion analyses. It is also desirable to account for participant individuality during the modelling
process, as well as to facilitate access and reduce the operational costs associated with the
data collection.

This chapter reviews current estimation methods of segmental IP in the literature, the related
modelling assumptions employed to address these challenges, and examines the influence of
each on dynamic modelling analyses outputs. The review commences with a description of
segmental IP estimation in human cadavers and extant participants, classified with reference
to commonalities in methodological approach. The specific modelling assumptions adopted
by these methods are also discussed with reference to; the reduction of body complexity, the
ability to yield participant-specific IP, and expediency in experimental setup. It should be noted
that the vast majority of reviewed methods employ the following generic modelling
assumptions; (i) the segment is deemed rigid, (ii) moment of inertia about the anatomical axes
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are suitable surrogates for the segmental inertia tensor, (iii) an alignment of the centre of mass
along a vector defined by proximal and distal joint centres, and (iv) uniform segmental density.
The reader is advised to consider these when reviewing the referred sections, as a more
detailed discussion surrounding the implications of such assumptions will follow. A section
then addresses the meaningfulness of artefacts resulting from the variance in estimation
methods and the impact of modelling assumptions during inverse and forward dynamic
investigations. Finally, the review concludes with a summary of what it is known and what
requires further investigation, thereby laying the theoretical rationale for the research scope
presented in this thesis.

2.2

Estimation of Segmental Inertial Parameters
in Cadavers

Estimation of segmental IP in cadaveric specimens dates to back in the nineteenth century
(McConville, Churchill, Kaleps, Clauser & Cuzzi, 1980). However, it was during the mid 20th
century that research examining US Air Force recruits gave rise to the three most
comprehensive studies of IP of cadaveric body segments (Chandler, Clauser, McConville,
Reynolds & Young, 1975; Clauser, McConville, & Young, 1969; Dempster, 1955). These three
studies remain amongst the most commonly referenced in biomechanics literature.

In 1955, Dempster dismembered non-preserved cadavers of eight male war veterans aged
52 to 83 years-old. The limbs were separated at the centre of each of the main joints, while
the torso was divided into the head/neck segment (at the joint between C7 and T1 vertebrae),
the thorax segment (at the joint between T12 and L1 vertebrae) and the abdomen/pelvis
segment. The shoulders were separated from the torso and regarded as independent
segments. Mass, centre of mass position, volume, mean density, and moment of inertia about
the transverse axis, were estimated for all body segments. Additionally, mass distribution
along the height was provided from only one cadaver, which was partitioned by transverse
plane segment sectioning at one-inch thickness. Despite the richness of the data presented,
the study was delimited to the use of non-preserved cadavers only.
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Clauser et al. (1969) were able to select a larger cohort of 13 adult male cadavers preserved
in a solution containing equal proportions of phenol, glycerine and alcohol. These cadavers
represented a male population of wider age range (28 - 74 years-old) and anthropometric
characteristics. Mass, volume, and centre of mass position were estimated for each of the 14
segments defined (head, torso, upper arms, forearms, hands, thighs, legs and feet), using
similar dismembering techniques of Dempster (1955). Some of the available cadavers were
further dissected to obtain tissue densities of; skin (1.10 g/cm 3), muscle (1.09 g/cm 3), fat (0.96
g/cm3), cortical bone (1.8 g/cm 3) and cancellous bone (1.1 g/cm 3). Unfortunately, the study did
not appear to investigate or report information regarding the segmental moment of inertia or
inertia tensor.

A third study by Chandler and colleagues (1975) addressed the importance of calculating the
inertia tensor as a means to accurately define segmental mass distribution in threedimensions (3D). Briefly, the inertia tensor is an inertial property of body segments that
consists of a 3x3 symmetric matrix that mathematically expresses how mass is distributed
about the coordinate system of a segment. This symmetric matrix comprises the moments of
inertia about the axes of the segmental coordinate system in the main diagonal (I XX, IYY, and
IZZ), whereas the remaining elements are termed products of inertia (I XY, IXZ and IYZ).
Simplifying, the inertia tensor represents the link in the cause-effect relationship between
torque applied to the segment and the resulting rotational kinematics. All inertia tensors have
three eigenvectors that define only the segmental axes about which a torque applied would
yield rotation about that axis alone. These axes are termed the principal axes of inertia, and
their respective moments of inertia are referred to as principal moments of inertia. In Chandler
et al’s. (1975) study, the principal axes of inertia described in the segmental coordinate system
and their respective principal moments of inertia, were estimated in a cohort of six adult male
cadavers (54.3 ± 7.4 years) for 14 segments (head, torso, upper arms, forearms, hands,
thighs, legs and feet). The techniques for the dismemberment and estimation of segment
mass, the centre of mass position, and volume and density were similar to those employed by
Clauser and colleagues (1969). Despite the limitation in cohort size, the study of Chandler et
al. (1975) is generally regarded as the most comprehensive of the three seminal works, as it
provided the first segmental mass distribution representation.
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A large number of technical limitations hamper estimation of cadaveric specimen IP. Effective
sampling is an immediate limitation as there is little control over sample size, characteristics
(i.e., age, gender, ethnical group and morphology), the cause of death as it relates to research
inclusion, and the overall physical condition of the specimen. Further, technical procedures
during cadaver preparation and estimation of segmental IP are complex, onerous and likely
sources of error artefact themselves. For example, body fluid and tissue may be lost during
dismembering. The use of solid-frozen specimens may overcome this problem. However, this
procedure may alter segmental volume and therefore the final estimated moments of inertia
(Durkin, 2008). Moreover, in-vivo tissue properties may differ in comparison with those in-vitro,
either due to the preservation techniques used or simply as a function of decay. Differences
in tissue properties may account for the reported variation in segmental IP between human
cadavers and extant participants (Pearsall, Reid, & Livingston, 1996; Pearsall & Reid, 1994).
For example, the density of in-vitro lung tissue was shown to be at least twice as large as that
recorded in vivo (Pearsall et al., 1996), which may lead to overestimated cadaveric trunk mass
when compared with extant participant estimations. These technical limitations may explain
why relatively few published studies of cadaveric segmental IP are found throughout the
literature, and why not all published studies present data that are relevant to the field of
biomechanics (Reid & Jensen, 1990).

The ability to extrapolate segmental IP estimated from cadaver specimens to live humans is
limited. As a result of the aforementioned sampling limitations, estimation of cadaveric IP is
restricted to a small number of elderly Caucasian males, and thus do not represent
participants of different ages, ethnic groups, sex or anthropometric characteristics. Significant
differences in segment mass proportional to body weight have been reported between the
male sample analysed by Dempster (1955) and a cohort of elderly females (Jensen &
Fletcher, 1993). It is also suggested that segmental mass decreases unevenly amongst body
segments after 55 years of age (Jensen & Fletcher, 1993). Moreover, differences in
dismembering protocols preclude data pooling and comparison between studies. Therefore,
caution must be taken when adopting segmental IP from cadaveric studies in live human
specimen analyses, and for the most part, these IP should be restricted to use in analyses of
elderly male Caucasians.
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Despite these cautionary statements, studies estimating cadaveric IP performed using US Air
Force recruits (Chandler et al., 1975; Clauser et al., 1969; Dempster, 1955) are of fundamental
importance to the field. These provided the foundation descriptive data that could be
extrapolated to extant populations, including; mass proportions, centre of mass location as a
ratio of the segment’s length, and the first regression equations to predict segmental mass
and moments of inertia from baseline anthropometric data. It is also important to note that
despite the previously discussed limitations, errors in segmental IP resulting from
extrapolating cadaveric data to extant participants may have negligible effects for a number
of biomechanical investigations (Durkin, 2008). The experimental techniques developed by
these cadaveric studies such as the compound pendulum have also been adapted to estimate
segmental IP and validate estimation methods in extant participants. As such, data provided
by these early cadaveric studies have been integral to the development of body segment IP
estimation methods commonly found in use today.

2.3

Estimation Methods of Segmental Inertial
Parameters in Extant Humans

Estimation of segmental IP in extant participants is more challenging than that encountered
using cadaver specimens due to the requirement for non-invasive techniques, with several
methods proposed over the last 60 years attempting to address this challenge. Early
approaches based on the Newton-Euler laws of motion, estimated segmental IP using known
forces and torques applied to the segment and the resultant observed motion (i.e., kinetic
methods). Other approaches utilised body volume and shape measures combined with
segment density assumptions to estimate mass and mass distribution and associated
segment IP (i.e., volumetric methods). Recently, the advent of medical imaging technologies
has facilitated the description of the internal structures, allowing more precise representation
of segmental mass distributions and thus more accurate IP. The capability of these methods
being applied to cohorts sufficiently large, such that sub classification (e.g. for sex, age, etc.)
segmental IP and anthropometric measures can be obtained, is a promising future direction
of imaging based approaches (i.e., establishing cohort specific regression equations).
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2.3.1 Kinetic Methods
As observed earlier, segment IP knowledge enables estimation of net joint forces and
moments from recorded motion and can be used to simulate motion when the forces and
moments applied to the segments are known. The same principles permit segment IP to be
estimated when the kinematics and kinetics of the segment are known whereby the estimation
methods based on these principles are referred to as kinetic methods.

Reaction board
The reaction board is a technique that can be used in two ways: it can either estimate the
centre of mass of a limb segment when its mass is known, or estimate the mass of the segment
when its centre of mass position is known (Contini, 1972; Pataky, Zatsiorsky, & Challis, 2003).
Either way, the participant lies horizontally on a board supported by edges at the proximal and
distal ends. One of the ends rests on a sensitive scale and the reading recorded (S0), whereas
the other end serves as the origin of a board reference system. For example, when estimating
the mass of the forearm+hand segment (m), the participant is asked to flex the elbow to a
defined angle (θ) and a reading of the scale (Sf) is recorded. Once the distances from the
elbow to the segment centre of mass (d) and to the origin of the reference system (D) are
known, the mass of the segment can be given by:

𝑚=

(𝑆𝑓 −𝑆0 )𝐷
𝑑(1−𝑐𝑜𝑠 𝜃)

Eq. 2.1

The reaction board is most commonly used to estimate the mass of the segment, under the
assumption that the centre of mass position of limb segments varies little amongst different
populations (Pataky et al., 2003). However, if the aim is to compute the segment’s centre of
mass from a known mass value, eq. 2.1 is easily modified by switching the positions of the
terms m and d.

The reaction board is a simple method that only requires a force plate to quickly and reliably
provide participant-specific limb mass (Pataky et al., 2003). However, the method cannot be
used to estimate the inertia tensor, or the moments of inertia, of a segment. The estimation of
mass for some segments can be cumbersome (e.g., head), prone to errors due to small mass
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(e.g., hands and feet) or simply impractical (e.g., torso). Also, the estimation of mass for
proximal limb segments requires the method to be previously applied to the more distal
segments, a procedure that is prone to compounding error. Despite its feasibility, these
disadvantages are sufficiently large to restrict widespread researcher adoption of the reaction
board method.

Quick-release
The quick release is an approach used to compute the moment of inertia of the segment about
the proximal joint. Different versions of this method have been proposed, but essentially they
share the same experimental principles (Contini, 1972; Drillis et al., 1964; Hatze, 1975; Reid
& Jensen, 1990). To calculate the moment of inertia of the combined forearm and hand
segment about the transverse axis passing through the joint centre of the elbow (IJC), the
participant has the elbow locked in position, but it is allowed to freely oscillate about the joint.
A cable under known tension (T) is attached to the forearm+hand segment from a known
distance (D) to the elbow, creating an extension moment around the joint. The extension
moment about the elbow is counteracted by a flexion moment of the same magnitude that is
driven by muscular force, or passively by springs attached to the segment. The tension T is
suddenly cut, leading to an angular acceleration (α) immediately recorded. Thus, IJC is given
by:

𝐼𝐽𝐶 =

|𝑻×𝑫|
|𝜶|

Eq. 2.2

Knowing the segmental mass (m) and the distance (d) between the centre of mass of the
segment and the transverse axis of the joint, the moment of inertia about a parallel axis
passing through the centre of mass (ICM) can be computed using the parallel axis theorem:
𝐼𝐶𝑀 = 𝐼𝐽𝐶 − 𝑚𝑑 2

Eq. 2.3

Albeit simple, the quick release method has similar limitations to those of the reaction board.
Data collection using the quick release method is mainly restricted to limb segments. It
requires the assumption that the joint motion is frictionless and the tension of the antagonist
muscles is negligible. However, the stretch reflex induces contraction of the antagonist
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muscles as a response to the sudden acceleration of the limb when the cable tension is cut.
Therefore, similarly to the reaction board technique, the quick release method is not commonly
employed by researchers in the field.

Identification methods
In mechanical engineering, system identification defines the problem of using experimental
data to build a mathematical model of a targeted system (Ayusawa, Venture, & Nakamura,
2014). Identification methods then estimate segmental IP of a multi-link biomechanical model
adopted as a template for a given participant, using the recorded kinematics and ground
reaction force data of the participant performing a calibration trial. This calibration trial must
exploit all degrees of freedom of the model, involving simultaneous movements of upper and
lower limbs, at different amplitudes and velocities (Ayusawa et al., 2014; Hansen, Venture,
Rezzoug, Gorce, & Isableu, 2014). In brief, identification methods search for the segmental IP
that solve an optimisation problem; that is to minimise the difference between the
experimentally measured forces and moments applied to the body and those that are
calculated from the model through the dynamics equations of motion during the calibration
trial.

This method was originally proposed in the field of biomechanics by Vaughan, Andrews, and
Hay (1982). In this seminal study, however, a two-dimensional biomechanical model was used
for analyses restricted to the sagittal plane (i.e., running, long jumping and kicking), and the
optimisation problem was formulated in a non-linear manner, which may lead to greater
computational costs (Jovic et al., 2016). More efficient and effective identification methods
have recently emerged from the field of robotics (as a result of increasingly modern humanoid
robots) and adapted to studies oh human motion (Ayusawa et al., 2014; Hansen et al., 2014;
Jovic et al., 2016).

In common, the modern identification methods represent the human body as a threedimensional biomechanical model with known geometric parameters (i.e., segment’s length
and the joint centres, axes of rotation and degrees of freedom). One segment (e.g., pelvis) is
chosen as base-link, and thus the generalised input forces that actuate the six degrees of
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freedom of the base-link (three translational and three rotational) are constrained to be always
nil. This constraint allows the total forces and moments acting on the model to be equivalent
to the generalised external forces of the equations of motion corresponding to the base-link
(Ayusawa et al., 2014). Thereby, the dynamic equations of motion of the model can be
reorganised, creating the regressor matrices (Y1 and Y2) that linearly relate the segmental IP
(∅) to the force plate data and the joint moments. According to Eq. 2.4:
𝐽𝑇
𝑌
0
[ 1 ] ∅ = [ ] + ∑𝑁𝑐
[ 1𝑘
𝑘=1
𝑇 ] 𝒇𝑘
𝑌2
𝜏
𝐽2𝑘


Eq. 2.4

The regressor matrices Y1 and Y2 are functions of the generalised coordinates of the
base-link (i.e., the three translational and three rotational degrees of freedom), the
joint angles and their respective derivatives.



∅𝑖 = [𝑚𝑖 , 𝑚𝑖 𝐶𝑀𝑥𝑖 , 𝑚𝑖 𝐶𝑀𝑦𝑖 , 𝑚𝑖 𝐶𝑀𝑧𝑖 , 𝐼𝑥𝑥𝑖 , 𝐼𝑦𝑦𝑖 , 𝐼𝑧𝑧𝑖 , 𝐼𝑥𝑦𝑖 , 𝐼𝑥𝑧𝑖 , 𝐼𝑦𝑧𝑖 , ] is the IP vector of
the ith segment containing the mass (mi), the three components of the of the centre of
mass [CMxi, CMyi, CMzi], and the three moments [Ixxi, Iyyi, Izzi] and three products [Ixyi,
Ixzi, Iyzi] of inertia within the inertia tensor;



τ is the joint moment vector;



Nc is the number of contact points k made with the environment;



𝒇𝑘 = [𝐹𝑥𝑘 , 𝐹𝑦𝑘 , 𝐹𝑧𝑘 , 𝑀𝑥𝑘 , 𝑀𝑦𝑘 , 𝑀𝑧𝑘 ] is the ground reaction force and moment data at a
given contact point k;



𝑇
𝑇
𝐽1𝑘
and 𝐽2𝑘
are the Jacobian matrices associated with the contact point k that map the

f

k

to the base-link and the model segments, respectively (Ayusawa et al., 2014;

Futamure, Bonnet, Dumas, & Venture, 2017);

According to cross-validation studies (Hansen et al., 2014; Jovic et al., 2016), the identification
method yielded a greater agreement between the recorded force plate data (ground-truth)
than the use of segmental IP predicted with regression equations (see Regression Equations
section ahead). The study of Jovic et al. (2016) also showed the ability of the method to detect
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an additional mass of 2kg attached to the lower torso, the hand and then to the foot. However,
the ability of the method to detect changes in segmental mass requires further investigation,
as 2kg represents a drastic change in mass for any body segment. In addition, Futamure et
al. (2017) proposed the use of the regressor matrices as a simple yet effective sensitivity
analysis method to determine the most important segmental IP for a given dynamic
assessment. Moreover, Ayusawa et al. (2014) showed that the identification of the segmental
IP could be accomplished when only the force plate data, the joint angles and the generalized
coordinates of the base-link are available (i.e., the second row of Eq. 2.4 can be ignored).
Thereby, the joint moments are not required, reducing the computational costs and allowing
the segmental IP to be identified in real time.

Despite the advantages mentioned above, limitations are also encountered. As previously
mentioned, the regressor matrices are functions of (i) the generalised coordinates of the baselink, (ii) the joint angles, and (iii) their respective derivatives. The accuracy of (i) and (ii) relies
on how accurately the geometric parameters of the model (i.e., segment’s length, joint
parameters and degrees of freedom) are determined, whereas (iii) also relies on the quality of
the signal processing used for the kinematic data. Therefore, errors in the regressor matrices
can lead to physically inadequate segmental IP, such as negative segmental masses or centre
of masses out of the volumetric domain of the segment. Being an optimisation process, the
identification of segmental IP simply aims to reduce the objective function and thus have no
link with reality (Vaughan et al., 1982). As means to enforce physical adequacy of the identified
segmental IP, the hierarchical quadratic programming was proposed as an optimisation
technique (Jovic et al., 2016). This technique used least-square-based solutions that satisfied
sets of constraints organised in staggered levels of optimisation. The proposed technique,
however, does not allow for the relationship between mass distribution and body composition
and shape, neglecting the coupling among the mass, centre of mass position and the inertia
tensor, and thus future studies should also address this limitation (Jovic et al., 2016).

Nevertheless, the most important limitation of the identification methods could be the
unsuitability of the required calibration trials for participants suffering from a variety of physical
disabilities. As previously introduced, the identification of all segmental IP requires a

24

Chapter 2: Literature Review

calibration trial that exploits all degrees of freedom of the model with different amplitudes and
velocities, as well as simultaneous movements of upper and lower limbs. On the one hand, it
can be argued that not all segmental IP need to be identified for a given motion assessment
(Futamure et al., 2017), allowing calibration trials that encompass less complex manoeuvres.
On the other hand, the identification of the required segmental IP may still rely on calibration
manoeuvres that are not feasible for the participant assessed. Therefore, further research is
still required to determine what calibration trials, if any, could be suitable for the specific clinical
assessment to be carried out, taking into consideration the motor disorder afflicting the
participant and the motion to be analysed.

Compound pendulum
From a physics perspective, the compound pendulum is a rigid body that is free to oscillate
about a fixed axis of rotation. The main difference between simple and the compound
pendulum models is that the oscillating mass of the latter is not regarded as dimensionless
because the mass distribution of the rigid body influences the oscillation. If the mass (m), local
gravity (g) and the distance between the centre of mass and the axis of rotation (d) are known,
and assuming the compound pendulum is ideal (i.e., the oscillation is frictionless and
harmonic), the moment of inertia about the axis of rotation (IAR) is directly related to the
squared period of oscillation (t2):

𝐼𝐴𝑅 =

𝑡 2 𝑚𝑔𝑑
4𝜋2

Eq. 2.5

Two approaches based on the compound pendulum model can be adapted to calculate the
moments of inertia of limb segments in extant participants. In the first approach, the segment
oscillates freely about the proximal joint (Contini, 1972; Drillis et al., 1964). However, this
approach is limited by the assumptions that the joints are frictionless and the muscle tension
is negligible. Alternatively, a second approach uses a plaster model of the segment suspended
by knife edges. Although this approach necessarily assumes the uniform density of the
segment, it poses numerous advantages, like allowing better control of the friction during the
oscillation and not restricting measurements to only one axis of rotation. Indeed, the use of a
plaster model permits estimations of moments of inertia about axes of rotation with different
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orientations, according to the position of the suspending knife edges. If the shape or the
dimensions of the model render the suspended oscillation too cumbersome, a designed frame
can hold the model to allow the oscillation about any desired axis of rotation. The use of a
frame holder was proposed by Chandler et al. (1975) in their study to estimate the moments
of inertia about six non-parallel axes of rotation for all cadaveric segments, as a means to
calculate the segmental inertia tensors. In brief, the moments of inertia about at least six axes
passing through the segmental centre of mass (1ICM, 2ICM, … 6ICM) are computed using the
compound pendulum and the parallel axis theorem (Eqs. 2.4 and 2.3, respectively). Also, the
orientation of each of these six axes is given by the angles between the axis and the sagittal
(α), longitudinal (β) and transverse (γ) directions of the segment coordinate system. This
information then allows calculation of the six independent elements of the segmental inertia
tensor (IXX, IYY, IZZ, IXY, IXZ, IYZ):

[ 1𝐼𝐶𝑀

[𝐼𝑋𝑋

𝐼𝑌𝑌

𝐼𝑍𝑍

𝐼𝑋𝑌

𝐼𝑋𝑍

𝑐𝑜𝑠 𝛼12
𝑐𝑜𝑠 𝛽12
𝑐𝑜𝑠 𝛾12
𝐼𝑌𝑍 ]
2 𝑐𝑜𝑠 𝛼1 𝑐𝑜𝑠 𝛽1
2 𝑐𝑜𝑠 𝛼1 𝑐𝑜𝑠 𝛾1
[ 2 𝑐𝑜𝑠 𝛽1 𝑐𝑜𝑠 𝛾1

𝑐𝑜𝑠 𝛼22
𝑐𝑜𝑠 𝛽22
𝑐𝑜𝑠 𝛾22
2 𝑐𝑜𝑠 𝛼2 𝑐𝑜𝑠 𝛽2
2 𝑐𝑜𝑠 𝛼2 𝑐𝑜𝑠 𝛾2
2 𝑐𝑜𝑠 𝛽2 𝑐𝑜𝑠 𝛾2

2𝐼𝐶𝑀

⋯
⋯
⋯
⋯
⋯
⋯

…

6𝐼𝐶𝑀 ]

=

𝑐𝑜𝑠 𝛼62
𝑐𝑜𝑠 𝛽62
𝑐𝑜𝑠 𝛾62
2 𝑐𝑜𝑠 𝛼6 𝑐𝑜𝑠 𝛽6
2 𝑐𝑜𝑠 𝛼6 𝑐𝑜𝑠 𝛾6
2 𝑐𝑜𝑠 𝛽6 𝑐𝑜𝑠 𝛾6 ]
Eq. 2.6

This technique (Chandler et al.,1975) suggests that segmental inertia tensors of human
participants can be estimated using the compound pendulum methods by using plaster
models of the segments as surrogates. However, no study employing this approach in the
literature was found.

The importance of the compound pendulum method for segment IP research goes beyond
the estimation of segmental inertia tensor of extant human specimens. The study of Chandler
et al. (1975) shows that the method can be used to estimate moments of inertia and inertia
tensor of any biological specimen with irregular shape and non-uniform density. Therefore,
estimations using the compound pendulum approach is the most common criterion to validate
other methods (Ackland, Henson, & Bailey, 1988; Durkin, Dowling, & Andrews, 2002; Martin,
Mungiole, Marzke, & Longhill, 1989). However, the accuracy of the compound pendulum may
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be insufficient to validate estimation methods based on modern medical imaging technologies
(Dowling, Durkin, & Andrews, 2006). First, the accuracy is limited by the assumptions that the
oscillations are frictionless and harmonic, i.e., the torque generated by gravity at the axis of
rotation is directly proportional to the angular displacement. An oscillation assumed harmonic
has a period held constant irrespective of its amplitude; yet, for pendulums, this assumption
is only valid during amplitudes smaller than 10o. This small amplitude means the pendulum
stores a small quantity of mechanical energy, which in turn can be affected by unavoidable
friction with the suspending bearings or the surrounding air. Thus, rather than modelled as
ideal, the compound pendulum should account for non-harmonic and underdamped
oscillations resulting from friction.

An investigation by Dowling et al. (2006) showed that the compound pendulum was quite
sensitive to errors in the required experimental measures, particularly the period of oscillation
and the distance between the axis of rotation and the segmental centre of mass (t and d
respectively, Eq. 2.4). Indeed, the uncertainty associated with d may have a large impact over
the uncertainty of the computed moment of inertia when d is longer than the respective radius
of gyration (Dowling et al., 2006).

Finally, these errors may have a significantly large impact on the estimation of the segmental
inertia tensor, as it requires previous calculation of the moments of inertia about at least six
different axes. The adoption of a frame holder amplifies these errors further as the inertia
tensor of the segment is computed by subtracting the inertia tensor of the holder frame from
that of the composite holder + related segment. Therefore, the estimation of segmental inertia
tensor through the compound pendulum methods involves several trials and experimental
variables to be measured and analysed, with the potential errors introduced at each timepoint. However, Zatsiorsky (2002) identified inaccurate segmental inertia tensors in five out of
six participants in the study by Chandler et al. (1975). According to the author, the sum of any
two of the diagonal elements (i.e., IXX, IYY and IZZ, or the moments of inertia about the axes of
the coordinate system) must be greater than the third diagonal element, which was not
satisfied for at least two segments of the identified participants (Zatsiorsky, 2002). With the
advent of more modern technologies to accurately estimate segmental IP, it is paramount to
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reconsider the use of the compound pendulum method as the gold standard reference used
to validate estimates of segmental moments of inertia and inertia tensor.

2.3.2 Volumetric Methods
Volumetric methods use the volume and silhouette data of the body to estimate segmental IP.
The volume and silhouette are not considered IP per se but can be used to make inferences
about the mass and mass distribution when information regarding segmental density is
available. Most commonly, volumetric methods are those that adopt volumetric domains as
templates for the body segments or portions thereof, assuming each domain has a uniform
and known density value. This assumption then makes it possible to compute the IP of the
volumetric domain, which are then used as a surrogate for the body segments. These methods
are also normally simple in execution, affordable and non-invasive, and thus they are amongst
the most widely adopted estimation methods in extant humans.

Water immersion
Water immersion has been used for measurement of segmental volumes of cadavers or extant
participants since the nineteenth century (Clauser et al., 1969; Drillis and Contini, 1964). It
measures the volume of water displaced when the segment is immersed in a purposefullybuilt recipient (Vseg). When the density of the segment is assumed to be uniform and known
(Dseg), the segmental mass (Mseg) is easily given by:

𝑀𝑠𝑒𝑔 = 𝑉𝑠𝑒𝑔 ∙ 𝐷𝑠𝑒𝑔

Eq. 2.7

Segmental density can be adopted from cadaveric studies (Chandler et al., 1975; Clauser et
al., 1969; Dempster, 1955), where the centre of mass is estimated by immersing an object in
water until the displaced volume of water corresponds to half of the previously measured
volume.

Despite its apparent simplicity and practicality, the water immersion method has some
limitations. First, it is more suitable for the limb segments, because estimations of the head
and torso IP require adaptations that can render the method cumbersome (Drillis et al., 1964).
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At the limb level, it is difficult for the participant to hold a steady position, and for the examiner
to judge the segmentation plane. Estimations of IP from more proximal limb segments are
affected by estimations of more distal segments. Finally, this approach only takes into account
the volume of the segment, with no information regarding the shape of the segment which is
critical in the estimation of mass distribution. Clauser et al. (1969) showed that the centre of
mass position estimated with the water immersion method did not match a criterion centre of
mass measured with standard experimental methods in cadaveric segments. Nevertheless,
under appropriate experimental procedures, the water immersion method is an effective
alternative when only information concerning limb segment mass is desired (Drillis et al.,
1964), and can also be used to yield criterion segmental volume for validation of different
methods.

Stereophotogrammetry
As presented early in this chapter, segmental IP rely on mass and information concerning how
the mass is distributed within the segment. Therefore, a volumetric approach to estimate
segmental IP will ideally take into account the shape of the segment, serving to delimit the
volumetric domain in which the mass is distributed. One of the earliest methods to re-create
participant-specific segmental volume and shape is stereophotogrammetry (Kaleps et al.,
1984; McConville et al., 1980; Young et al., 1983).

The stereophotogrammetric method is essentially the same as that applied to create contour
levels of a terrain from aerial images. Two photographs of the anterior view of the participant
are taken from a side-by-side pair of cameras, ensuring both photos have sufficient overlap.
Similarly, two posterior view photos are concurrently recorded, with both anterior and posterior
views later merged together with the aid of a calibration object placed in the field of view of all
images. A pair of images from a given view is projected on top of each other using a stereo
plotter, which consists of a particular set of optics that allows the operator to see the image in
three dimensions (3D). Also using the stereo plotter, a lighted dot is manipulated through the
3D image of the body to indicate the coordinates of specific points on the surface of the body.
These points are located over cross-sectional contour levels, perpendicular to the longitudinal
axis of the segment and equally spaced. These contour levels represent the boundaries of
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segmental cross-sections of known uniform density. Finally, the IP of each cross-section are
calculated and combined together to calculate the segmental IP.

The advantages of stereophotogrammetry over water immersion methods is the added
advantage of obtaining participant-specific mass distribution from shape information, together
with reduced examiner and participant time costs associated with data collection. However,
studies adopting a stereophotogrammetric approach have reported overestimation of body
volume by up to 10% (McConville et al., 1980; Young et al., 1983). While these studies
arbitrarily assumed that the body has a uniform density of 1g/cm 3, this assumption is not
sufficient to yield an overestimated body volume. Another possible explanation for the
observed error may be attributed to the error inherent in image-based kinematic motion
capture systems. In this process, the 3D coordinates of a marker during the analysed motion
are reconstructed from known two-dimensional (2D) coordinates found in the image field of
two or more calibrated cameras. Especially when linear approaches are used to calibrate
these cameras, the orientation of the optical axes of the cameras can affect the accuracy of
the reconstruction of the 3D coordinates of the markers. The more parallel the optical axes of
a pair of cameras the less accurate the 3D coordinates of the markers (Rossi, Silvatti, Dias, &
Barros, 2015). It was suggested in the studies of McConville et al. (1980) and Young et al.
(1983) that the optical axes of the camera were nearly parallel to ensure optimal overlap
between the pair of images. This camera setup may have served to jeopardise the
reconstruction of the points over the contour levels and have resulted in error introduction to
the segment volume. Other disadvantages of stereophotogrammetry include feasibility and
cost of access to equipment, together with time-consuming data analysis (Reid & Jensen,
1990). These disadvantages, and also the advent of newer technologies such as 3D surface
scanning techniques have for the most part rendered stereophotogrammetric method
outdated, and unlikely to be used in contemporary studies.

Geometric modelling
Despite the complexity in shape, body segments may resemble simpler geometric figures
whose IP can be computed using simple equations. Geometric modelling methods adopt
geometric figures as templates for the body segments, so the IP of these templates are used
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as surrogates for segmental IP. Each of these figures, also known as solids, is assumed to be
homogeneous (uniform density) and can be created from anthropometric measures, such as
girths, lengths and breadths. Geometric modelling methods also are commonly classified as
indirect estimation methods in the literature (Durkin, 2008).

The simplest of the geometric models are those that use one solid to represent a given
segment. Hanavan (1964) proposed a simple geometric model with 15 segments: head, upper
torso, lower torso (comprising abdomen and pelvis), upper arms, forearms, hands, thighs, legs
and feet. The solids used as templates were an ellipsoid for the head, elliptical cylinders for
the torso segments, frusta of right circular cones for the limbs, and spheres for the hands. All
these solids were created from 25 anthropometric measures. Likewise, the geometric model
proposed by Zatsiorsky, Seluyanov, and Chugunova (1990) used a cylinder with a circular
base for each of the 16 segments defined (head, upper torso, middle torso, lower torso, upper
arms, forearms, hands, thighs, legs and feet), where each cylinder was created using segment
girth and length measurements.

An immediate disadvantage of using a single simple solid to represent each segment is the
inability to accurately replicate segmental volume, hampering any effort in calculating mass
from the adopted density. To overcome this, instead of using mean segmental densities, the
geometric model proposed by Hanavan (1964) employs regression equations devised by
Barter (1957), which predict independent segmental masses from the whole body mass. A
different approach was adopted by Zatsiorsky et al. (1990) who computed the IP of the
cylinders using a set of provided segmental coefficients for mass and anatomical moments of
inertia. These coefficients were computed from a relationship between the dimensions of the
template cylinder and the IP of the referred segment estimated with the gamma-ray scanner
in a cohort of 100 adult Caucasian males (further details concerning gamma-ray scanning to
follow). To an extent, these coefficients for mass and anatomical moments of inertia take into
account the shape and density differences between a given segment and its respective solid
(Zatsiorsky et al., 1990). Moreover, in both geometric models, the difference between the
whole body mass and the summation of all solid masses is proportionately distributed over
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the segments to ensure consistency between the real and predicted body masses (Hanavan,
1964; Zatsiorsky et al., 1990).

Although the procedures adopted in the studies above may be sufficient to minimise errors in
segmental mass, the use of a simple solid as a template is unlikely to represent segmental
mass distribution effectively. Alternatively, multiple solids per segment could ensure greater
accuracy of the segmental volume and consequently more realistic mass distribution
representation. A geometric model proposed by Yeadon (1990) used more than one solid for
each of the 11 segments defined (head+torso, upper arms, forearms+hands, thighs, legs, and
feet). These solids are frusta of circular (limbs and head) or stadium (trunk, hands and feet)
cross-sections. Stadium cross-sections (i.e., a rectangle with an adjoining semicircle at each
side, so the depth equals the diameter of the semicircle) allegedly match the real crosssectional areas of the referred segments more closely than the ellipsoidal and circumference
cross-sections used previously (Hanavan, 1964; Zatsiorsky et al., 1990). A total of 40 solids
result from 95 anthropometric measures (girths, widths and distances between each section).
The IP of each solid are calculated using segmental mean density values from the study of
Dempster (1955), and then the surrogate segmental IP are calculated by combining IP of
these solids. Another geometric model of even greater complexity was proposed by Hatze
(1980). This 17-segment model (the shoulder is regarded as a separate segment) allowed
accommodation of larger variations in segmental shape and density, and identification of
different morphology and mass distribution profiles due to gender, fitness level, and
pregnancy, amongst others. This model, however, requires 242 anthropometric measurements, representing a tedious data collection process for both participant and operator.

It is proposed that increasing the number of solids enhances the ability of the geometric model
to resemble the shape of the human body and thus the representation of segmental mass
distribution. Conversely, it increases the number of necessary anthropometric measures,
rendering the data collection laborious and particularly cumbersome for participants.
Alternatively, Jensen (1978) proposed a geometric model in which the whole body comprised
elliptical zones of 2-cm thickness, obtained by digitising photographs of the side and the frontal
views of the participant. Irrespective of the body type of the participants assessed, the elliptical
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zone method has similar accuracy in predicting whole body mass (error of approximately 2%)
in comparison with the above-mentioned geometric modelling methods (Hatze, 1980; Yeadon,
1990). However, creating elliptical zones from photographs has the immediate advantage of
rendering data collection less onerous. Indeed, this method can be regarded as a simplified
stereophotogrammetry because each ellipsoid is a rough simplification of the cross-sectional
contours computed (Bauer, Pavol, Snow, & Hayes, 2007; Damavandi, Barbier, Leboucher,
Farahpour, & Allard, 2009). Wicke, Dumas and Costigan (2008) proposed slight modifications
to the elliptical zone method as means to best account for the adjacencies between the torso
and the limb segments, resulting in improved volumetric representation and accuracy of torso
IP (Wicke & Dumas, 2010; Wicke, Dumas, & Costigan, 2009).

Each elliptical zone is a homogeneous solid with a density value that can be adopted from
cadaveric studies (Chandler et al., 1975; Clauser et al., 1969; Dempster, 1955). Thus, the
adoption of cadaveric density data may hamper the accuracy of the elliptical zone method
when applied to distinct populations such as children (Bauer et al., 2007). However, the
thickness of the elliptical zones makes it possible to account for variations in density along the
longitudinal axis of the segment. These axial variations in segmental density may also be
calculated with the aid of medical imaging technologies (Erdmann, 1997; Pearsall et al., 1996;
Wei & Jensen, 1995; Wicke & Dumas, 2010; Wicke et al., 2008; Wicke et al., 2009) enabling
each elliptical zone to have a distinct uniform density value. Consequently, the geometric
model proposed by Jensen (1978) in its original design or minimally modified, is widely
adopted in descriptive studies of IP investigating different populations (Ackland, Blanksby, &
Bloomfield, 1988; Chester & Jensen, 2005; Reid & Jensen, 1990).

Geometric modelling methods, along with regression equations, are the most common
methods to estimate segmental IP. Through the use of anthropometric measures as input for
simple geometric equations, researchers only require simple instruments such as metric
tapes, rulers or callipers during data collection. However, the accuracy of the IP estimations
depends on the resemblance between the adopted geometric figures and the human body
segments. This dependence poses a conundrum, as greater resemblance will require a larger
number of anthropometric measurements. Although the method proposed by Jensen (1978)
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goes some way to ameliorating this conundrum, ongoing criticism as to whether ellipses are
the best geometric figures to represent the transverse sections of body segments remain
(Wicke & Dumas, 2010; Wicke et al., 2008; Wicke et al., 2009). The implications of such
limitation and also the influence of the uniform density assumption in dynamic analyses will
be discussed in the latter half of this review.

3D surface scans
3D surface scanners have recently emerged as the most promising volumetric method to
estimate segmental IP (Clarkson et al., 2012; Rossi et al., 2012). Surface scanners are
increasingly popular and affordable due to a wide range of possible applications, such as
metrology, industrial design, prosthetics and the entertainment industry (e.g., domestic video
game consoles). The most popular 3D surface scanner is a raster stereographic scanner,
consisting of a video projector calibrated relative to a video camera. The device projects a 2D
mesh comprising thousands of points over the scanned body. Real-time algorithms compute
the 2D coordinates of all projected points as recorded in the field of view of the camera, and
registers each point to its respective location in the 2D mesh that was projected. By knowing
the 2D coordinates of a given point in both the projector and the camera fields of view, as well
as the intrinsic and extrinsic calibration parameters of both video equipment, the 3D
coordinates of the projected points over the body surface can be reconstructed.

This entire process is sampled several times per second, substantially increasing the quantity
of surface point data. Additionally, real-time alignment algorithms allow the scanner to move
around the participant, enhancing detail from more curved areas or those of more difficult
access. At the end of the process, a 3D mesh comprising millions of surface points of known
3D coordinates is created. The methodological principle of 3D raster stereographic scanners
resembles that of the stereophotogrammetry, in which volumetric and shape data of the body
is created using the 3D coordinates of points located on the body surface. However, these
scanners yield 3D meshes of superior fidelity with respect to participant shape and volume
due to enhanced surface point data.

34

Chapter 2: Literature Review

The vertical scanner, also known as the infra-red or laser scanner, is another commonly used
3D surface scanner specifically designed for whole body scans (Ma et al., 2011a; Norton,
Donaldson & Dekker, 2002; Sheets, Corazza, & Andriacchi, 2010). This scanner comprises a
fixed vertical structure within which participants stand upright. Projectors of infra-red light and
cameras are mounted to the scanning heads, which move vertically through the structure in a
singular direction (either bottom-up or top-down). Data is recorded in a staggered helix of
constant pitch and number of aligned points per revolution. In comparison with portable raster
stereographic scanners, this vertical scanner substantially reduces data collection time
thereby minimising the motion artefacts resulting from body sway and breathing in the 3D
body mesh reconstruction. Conversely, vertical scanners are cumbersome and more
expensive than the raster stereographic scanner, making scanners both equally suitable
options for whole body scanning when considering the pros and cons of each technology.

The 3D body mesh output by scanning technologies delimits a high-fidelity volumetric domain;
however, information about mass distribution is still required for the estimation of the
segmental IP. Similar to stereophotogrammetry and geometric modelling, segmental uniform
density data derived from cadaveric studies are commonly registered to the resulting
volumetric domain (Ma et al., 2011a, 2011b; Sheets et al., 2010). The uniform density
assumption allows the mass integrals to be evaluated as volume integrals, which can be
further reduced to simple (line) integrals via a three-step process using the Divergence and
the Green’s theorems (Mirtich, 1996; Sheets et al., 2010).

As a result of high accuracy and feasibility, as well as of increasing affordability, 3D surface
scanners will likely become the technique of choice for researchers looking to estimate
participant-specific segmental IP. Indeed, since the early 2000s several studies have utilised
3D surface scans to estimate segmental IP (Allen, Curless, & Popovic, 2003; Clarkson et al.,
2012; Clarkson, Wheat, Heller, & Choppin, 2015; El-Sallam et al., 2013; Lee, Le, Fang, & Koh,
2009; Ma et al., 2011a, 2011b; Norton et al., 2002; Pain & Challis, 2001; Rossi et al., 2012;
Sheets et al., 2010; Simmons, 2001). The feasibility of the data collection permits analyses of
large participant cohorts, especially in descriptive studies of segmental IP across different
populations (Allen et al., 2003). An example of a very low cost yet accurate 3D scanner is the
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Microsoft Kinect®, which has already been used to estimate of segmental IP in the field
(Clarkson et al., 2012; Clarkson et al., 2015). Other biomechanically related applications may
also benefit from 3D surface scanning technologies with early forays in their use being
adopted for markerless motion capture (El-Sallam et al., 2013; Mündermann, Corazza, &
Andriacchi, 2006) and a computational fluid dynamics investigations of swimming actions
(Keys, Lyttle, Blanksby, & Cheng, 2015). There is little doubt that various forms of this low
cost and accessible 3D scanning technology will soon become a popular tool in many
biomechanics laboratories worldwide.

In summary, volumetric methods rely on volume and shape data from the participant to predict
the IP of the body segments. Volumetric methods with greater ability to replicate the shape of
the analysed body yield a more realistic representation of the 3D domain within which the
body mass is distributed, and thus have increased accuracy in segmental IP estimation.
Geometric modelling is currently the most popular of the volumetric methods, only requiring
anthropometric measures that can be gathered at low cost. However, geometric models must
account for a large number of anthropometric measures to replicate the shape of the human
body with higher fidelity, rendering the data collection cumbersome and time-consuming. The
elliptical zone geometric modelling method of Jensen (1978) yields a volumetric template of
high fidelity without the requirement for large anthropometric data collections. Subsequently,
this method has been used extensively to estimate IP in diverse large-scale population
studies. Portable 3D surface scans yield high-fidelity shape and volumetric data of the body
and moving forward are likely to become widely adopted by researchers interested in obtaining
participant specific segmental IP estimates. Nevertheless, the accuracy of the IP estimations
obtained using this approach remain constrained by the uniform density assumption,
especially when a cadaveric-based segment average density value is adopted.

2.3.3 Medical Imaging Technologies
As previously discussed, volumetric methods consider the volume and shape of the body, in
combination with the uniform density assumption, to approximate segmental mass
distribution. However, mass distribution within a segment is highly complex, as segments
comprise different tissues of different densities, in quantities that vary within and among
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population members. Alternatively, medical imaging technologies have been employed to
assess the mass distribution of extant humans, and thus yielding accurate segmental IP.
These technologies can discern between different types of internal tissues, according to their
chemical (e.g., the number of hydrogen atoms) or physical (e.g., density) properties, creating
non-invasive images of internal structures for diagnostic or intervention purposes. The
relationship between some properties of these medical images (e.g., pixel intensity) and the
mass properties of the visualised internal tissues enables assessment of mass distribution
and IP of the human body.

Substantial advances in medical imaging technologies were observed in recent years,
ensuring a broad range of potential scanners that can be used to estimate segmental IP of
extant human participants. Some of the most commonly adopted medical imaging
technologies for the purpose of segmental IP estimation now follows.

Absorptiometry technology (Gamma-ray and DXA)
In radiology, absorptiometry is the measurement of how an ionising electromagnetic radiation
dose is absorbed as it passes through the body. This radiation can either be gamma rays
emitted from a radioisotope (e.g., zinc-65 or caesium-137) or X-rays resulting from firing
electrons at a metal target. Both gamma-ray and the X-ray scanners operate similarly, placing
the human body between a collimated emitter and a detector (Zatsiorsky, 2002; Laskey,
1996). Either a pencil-beam or a fan-beam radiation of known energy is emitted over the body,
trespassing it and then reaching the detector that reads the amount of energy that was
dissipated through the body. As the emitter moves in a staggered way, following a serpentine
path (pencil-beam) or moving along the longitudinal axes (fan-beam), the whole body
absorptiometry is recorded in finite area units over the frontal plane of the body (Wicke &
Dumas, 2008). This matrix of absorptiometry data is then converted into internal images, mass
distribution or material composition data for different clinical and experimental applications.

The gamma-ray scanner was the first absorptiometry technology used to estimate IP of body
segments (Brooks & Jacobs, 1975; Zatsiorsky & Seluyanov, 1983; Zatsiorsky et al., 1990).
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After a full-body gamma-ray scan, the absorptiometry matrix in the frontal plane is converted
into mass distribution data according to the equation (Zatsiorsky et al., 1990):

𝑑=

𝑙𝑛𝐼0 −𝑙𝑛𝐼
𝜇

Eq. 2.8

Where d is the mass per finite area unit (g/cm 2), I0 and I are the unattenuated and the
attenuated energies of the gamma-ray beam, respectively; and µ is the mass absorption
coefficient that depends on the energy of the gamma quanta and the elementary (nonmolecular) material composition. For the human body, the mass absorption coefficient of the
hydrogen is adopted (µ =0.122 cm2/g), under the assumption that the hydrogen content in the
body is about 10% and it is evenly distributed in human tissues (Zatsiorsky et al., 1990).

The most important application of gamma-ray scanners to estimate segmental IP refers to a
series of descriptive studies in a population of 100 young adult Caucasian males (Zatsiorsky
& Seluyanov, 1983, 1985; Zatsiorsky et al., 1990). These mean segmental IP data were later
adjusted so they could be referenced to joint centre locations as opposed to the originally
adopted anatomical landmark locations, and were then promptly adopted by biomechanics
researchers for modelling purposes (De Leva, 1996). Indeed, these segmental IP from the
studies of Zatsiorsky and colleagues (Zatsiorsky & Seluyanov, 1983, 1985; Zatsiorsky et al.,
1990) and later adjusted by De Leva (1996), are quintessential in the field of biomechanics,
as these IP data were extrapolated to numerous dynamic analyses of human motion that
followed.

The dual-energy X-ray absorptiometry (DXA) is the most recently explored technology to
estimate participant-specific segmental IP. DXA poses substantial advantages over gammaray scanners, despite the minimal operational differences. The most noteworthy difference is
the emission of two different X-ray energies. DXA is originally designed to operate as a bone
densitometer, and thus two X-ray energies are necessary to measure bone mineral mass
(mBM) separately from the remaining components of the body, referred to as soft tissue mass
(mST), according to the following equations (Ellis, 2000; Laskey, 1996):
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Eq. 2.10

𝐿𝑜𝑤
𝐻𝑖𝑔ℎ
Where 𝐼 ⁄ 𝐿𝑜𝑤 and 𝐼
⁄ 𝐻𝑖𝑔ℎ are the ratios of attenuated and unnattenuated energies of
𝐼0
𝐼0

the low and high X-ray energies, respectively; 𝑅𝑆𝑇 =

𝐿𝑜𝑤
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⁄ 𝐻𝑖𝑔ℎ and 𝑅𝐵𝑀 = 𝐵𝑀 ⁄ 𝐻𝑖𝑔ℎ are the
𝜇ST
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ratios of mass attenuation coefficients at the low and high energies (µLow and µHigh) for soft
tissue and bone mineral, respectively. Later, it was discovered that DXA could also be used
to assess the total fat mass of each segment individually, due to a nearly linear relationship
between RST and the fat-to-lean tissue ratio (Haarbo, Gotfredsen, Hassager, & Christiansen,
1991; Laskey, 1996; Mazess, Barden, Bisek, & Hanson, 1990). Thus, rather than just a bone
densitometer, DXA is used worldwide as body composition scanner, and often referred to as
a gold-standard technique for the assessment of body fat. Moreover, the intensity of the two
X-ray beams (0.07 MeV and 0.14 MeV) are much smaller than that of gamma-ray scanners
(up to 1.3 MeV), meaning that DXA is a safer choice for participants and scanner operators
(Durkin et al., 2002; Zatsiorsky & Seluyanov, 1983). Therefore, DXA is as a popular and
broadly accessible medical imaging scanner used for multiple applications in bone
densitometry and body composition measurement, and also due to minimised radiation
exposure (Ellis, 2000; Fuller, Laskey, & Elia, 1992; Haarbo et al., 1991; Laskey, 1996; Mazess
et al., 1990; Ogle et al., 1995; St-Onge et al., 2004a, 2004b; Wang et al., 2004).

A study by Durkin et al. (2002) is considered one of the most comprehensive assessments of
DXA technology as an alternative segmental IP estimation method. These researchers
developed custom software to (i) increase the resolution of the mass distribution data, (ii)
segment the whole body using visual inspection of the skeleton image, and (iii) compute
segmental mass, the centre of mass position in the frontal plane and moment of inertia about
the sagittal axis. An error of 1% was observed for the whole body mass computed from the
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mass distribution data, whereas errors of less than 3% were observed for the IP of a plastic
cylinder and a human leg when compared with criterion reference measurements.

Chambers, Sukits, McCrory, and Cham (2010) used DXA to verify that ageing, gender and
obesity have a significant impact over segmental IP in adults aged 65 years and older. Durkin
and Dowling (2003) also observed significant differences in segmental IP between four
populations accounting for all combinations of gender and two age ranges (19-30 x 55+ years
old). The varying characteristics of segmental IP in athletic populations such as elite swimmers
(Rossi, Lyttle, El-Sallam, Benjanuvatra, & Blanksby, 2013), weightlifters (Chiu & Salem, 2005)
and female soccer players (Arena et al., 2016) were also identified in DXA based
anthropometric research. Finally, the accuracy of segmental IP derived from different
estimation methods, especially geometric modelling and regression equations (yet to be
described), was assessed by adopting the values output by DXA as criteria (Chiu & Salem,
2005; Durkin & Dowling, 2003; Ganley & Powers, 2004a, 2004b; Rossi et al., 2013; Arena et
al., 2016).

Despite the observed accuracy, one immediate limitation of both gamma-ray and DXA
scanners is the 2D nature of the mass distribution data. This limitation does not affect the
segmental mass, but the calculations of the segmental centre of mass and moments of inertia
are restricted to the frontal plane and sagittal axis, respectively (Durkin et al., 2002; Wicke &
Dumas, 2008). Surely, 3D segmental IP are required for analyses of more complex human
activities in which segment displacement is not restricted to just one plane. As a means to
estimate 3D segmental IP from the 2D mass distribution data different strategies are required.

One alternative is the inclusion of an additional source of radiation coming from a different
direction. The biplanar radiography uses two perpendicular pencil-beam (or fan-beam) X-rays
emitted simultaneously over the participant’s body in upright position, producing frontal and
sagittal radiographs. The contours of the segments and their bones in the frontal and sagittal
radiographs are used to register and deform a corresponding 3D mesh model from an
anatomical atlas, yielding the participant-specific surface meshes of these structures. These
surface meshes delimit the volumetric domain of the segments and their bones; therefore,
similar to the volumetric methods presented before, a density value is registered to these
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volumes as means to estimate their masses and inertial parameters (Dumas, Aissaoui, Mitton,
Skalli, & de Guise, 2005; Sandoz, Laporte, Skalli, & Mitton, 2010). This method showed a
mean error of 2.6% between the estimated and the criterion whole body mass; it also showed
a mean distance of 4.5mm between the horizontal projection of the estimated whole-body
centre of mass and the readings of a force plate during the X-ray acquisition (Sandoz et al.,
2010).

The biplanar radiography method poses some interesting advantages but also have important
limitations. The method essentially uses low-dose absorptiometry to define the volumes of the
segments and their bones rather than to map the mass distribution in any of the planes.
However, the use of multi-energy radiation emission in one direction (similar to the DXA
operation) could allow the discernment between the mass distribution of bones and soft tissue
(Dumas et al., 2005). Thereby, the mass of the bone and soft tissue compartments could be
directly measured without the aid of an assumed density value. The biplanar radiography
method also requires the participant to maintain an upright position whilst being scanned. This
procedure poses an immediate advantage over other medical imaging technologies, as it
avoids the deformations of the posterior portions of the body (e.g., buttocks) whilst laying
horizontally. Conversely, the procedure is restricted to participants who don’t have difficulties
in remaining motionless or without support during the scanning trial. The reconstruction of the
upper limbs is also challenging (Sandoz et al., 2010), which may limit the data availability to
movements during which the accuracy of upper limb inertial parameters is negligible. Finally,
the estimation of segmental inertial parameters for the whole body through the proposed
method is time-consuming (Sandoz et al., 2010); however, the data processing is coupled with
that to create participant-specific musculoskeletal models in orthopaedics or in platforms for
movement simulation (Dumas et al., 2005). Therefore, the estimation of accurate segmental
inertial parameters is an inherent procedure when creating personalised musculoskeletal
models through biplanar radiography.

One technique to obtain 3D segmental IP from the 2D mass distribution data relies on three
modelling assumptions. First, the segmental centre of mass position is projected over the line
linking the proximal and distal joint centres (or assumed endpoints for the torso, head and
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distal limb segments). Secondly, the transverse moment of inertia is numerically equal to the
sagittal moment of inertia. Finally, the longitudinal moment of inertia can be neglected. These
modelling assumptions arguably result in negligible artefacts for motions predominantly
occurring in the sagittal plane such as walking gait (Ganley & Powers, 2004b); however, these
artefacts may not be negligible during more complex 3D manoeuvres.

Durkin and colleagues (Durkin & Dowling, 2006; Durkin, Dowling, & Scholtes, 2005) proposed
a volumetric template that resembles the shape of the mass distribution profile gathered with
DXA. This mass distribution was depicted as plots of the amount of mass present at every
length step (1%) along the longitudinal axis of the thigh segment, on both the medial and
lateral sides (Durkin et al., 2005). However, his approach was only demonstrated for the lower
limb segments. In addition, the leg segment required a second scan in the sagittal plane to
account for differences in mass distribution profiles between the sagittal and frontal planes
(Durkin & Dowling, 2006). Therefore, the necessity to perform more than one DXA scan of
participants represents the main disadvantage of this approach when compared with other
techniques that can be employed to estimate 3D segmental IP from 2D mass distribution data.

Another strategy to estimate 3D segmental IP combines the 2D mass distribution data with
the uniform density assumption to create a volumetric template. Zatsiorsky and Seluyanov
(1983) adopted an average body density of 1 g/cm 3 to create a volumetric template for the
whole body from the mass distribution gathered with the gamma-ray scanner. This volumetric
template comprised finite rectangular parallelepipedal elements, one for each finite area unit
from the mass distribution matrix. As the dimensions and mass unit values of each of these
parallelepipeds were known, these values, along with the adopted average body density
allowed the volume and subsequent height of the referred parallelepiped to be calculated. The
computed dimensions of a given parallelepiped enabled the computation of the IP, which were
then combined to calculate the IP of the entire volumetric template. This elegant strategy only
required the adopted average density for the whole body as ad-hoc data, ensuring data
collection and processing time was kept to a minimum and facilitating large cohorts analyses
of segmental IP data (Zatsiorsky et al., 1990). However, the adoption of an average body
density of 1g/cm 3 may not be a reasonable assumption given densities are expected to vary
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within segments. This possible artefact is particularly critical for the torso segment, which
comprises tissues of varying densities and in proportions that also vary distinctly in participants
of varying morphologies (Pearsall et al., 1996; Wicke & Dumas, 2010; Wicke et al., 2008;
Wicke et al., 2009).

An alternative to creating a volumetric template from the modelling assumptions used above
involves registering 2D mass data with participant-specific shape and volume information. This
enables the mass distribution to be modelled in 3D more accurately, resulting in improved
estimations of segmental IP. Wicke and Dumas (2010) combined the mass distribution profile
gathered with DXA with the modified elliptical zone method proposed by Jensen (1978). The
resulting volumetric template for the human body was created using the least cumbersome of
the geometric modelling techniques, instead of associating an arbitrary density value to the
2D mass distribution (Zatsiorsky et al., 1990). Moreover, the IP of each of these elliptical zones
and the volumetric template were computed from participant-specific mass distribution matrix
output by DXA rather than a common average segmental density value from cadaveric
studies. This procedure posed an immediate advantage especially for the torso segment,
which accounts for substantial variation in density along the longitudinal axis.

It seems logical that the use of whole body 3D surface scans instead of the elliptical zones
may result in increased accuracy of segmental IP. Lee et al. (2009) were the first to integrate
information from DXA and 3D body surface scans, allowing accurate representation of body
volume, shape and mass distribution. To register the 3D mesh with the mass distribution data
from DXA, first, a generic skeleton was embedded to the 3D mesh (Baran and Popovic, 2007).
Changes in the pose of the embedded skeleton animated the 3D mesh to the same pose of
the participants adopted while scanned using DXA. The body volume was then divided into
finite 3D cubic elements of uniform material property, called voxels. Finally, the mass of each
voxel was computed from the DXA mass distribution data. Hence, the IP of a segment was
calculated based on the summation of the voxels comprised within. The authors reported that
segmental IP estimates obtained through merging DXA and 3D surface scan data were shown
to be within 2% of those estimated using a high-resolution MRI scanner.

43

Chapter 2: Literature Review

The adoption of absorptiometry techniques represents the first major advance in researcher
efforts to obtain more direct and realistic information concerning mass distributions of human
body segments. Advances in primary technologies (e.g. gamma-ray to DXA) has made it
possible to expose participants to lower doses of ionising radiation and identify the mass
information of distinct tissues (i.e., bone minerals, fat and lean tissue). However, these
absorptiometry technologies only provide mass distribution data in 2D, requiring additional
modelling assumptions or data collection processes if we are to undertake 3D IP estimations.

Tomography technology (CT and MRI)
Tomography is the creation of a tomogram, i.e., a 2D image that represents a section through
a three-dimensional object. In medical imaging, tomographic images reveal the 3D anatomic
structures in the cross-sectional (transverse) plane that can not be observed using 2D
absorptiometry. The computerised tomography (CT) was the first scanner to create transverse
tomographic images; in fact, the technology of CT scanners evolved from the operational
procedures of absorptiometry scanners. The participant is still placed between a collimated,
fan-beam emitter of ionising radiation and a detector; however, both the emitter and the
detector are placed in a ring-shaped apparatus that rotates 180o before moving along the
longitudinal axis of the patient. During the rotation of the apparatus, several images are
recorded and mathematically combined to reveal the tomogram for the specific region of
interest. Therefore, by simply rotating the emitter and the detector around the longitudinal axis
of the patient, CT scanning has revolutionised clinical radiology and constitutes a major step
forward in our desire for participant-specific IP estimations.

To estimate segmental IP from CT or other tomography technologies, distinct identification of
the internal structures such as bone, muscle and fat tissues in each tomogram is required.
The area in the tomogram referring to a given structure is linked to the respective area in an
adjacent tomogram to create a local frustum. All these adjacent frusta along the longitudinal
axis are stacked together to create a volumetric template of the respective internal structure.
Similar to the biplanar radiography method, the next step is to register density values to the
volumes of each of these internal structures. In-vitro tissue density data can be then used
directly (Mungiole & Martin, 1990) or as a calibration reference, which allows in-vivo tissue
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density to be estimated from the pixel intensities in each tomogram (Huang & Suarez, 1983;
Pearsall et al., 1996; Reid, 1984). According to Henson, Ackland and Fox (1987), the bone
and soft tissue densities measured using CT are expected to be within 1% error when using
a water phantom of known density. When compared with measurements taken from sections
of a cadaver leg, these errors are found between 1.5% and 3%, supporting the accuracy of
the technique (Henson, Ackland, & Fox, 1987). Knowledge of the density and volume
occupied by each internal structure allows the calculation of the segmental IP with accurate
and reliable results (Pearsall et al., 1996). Indeed, estimation of segmental IP through
tomography technology resembles the stereophotogrammetry and the elliptical zone methods,
by estimating the IP of staggered cross-sections perpendicular to the longitudinal axis and
accounting for shape specificity. However, the advantage of tomography technology is that it
accounts for the contours of internal organs and tissues in each of the tomograms, enabling
a more realistic representation of mass distribution within each cross-section.

Notwithstanding the advantages of CT in providing mass distribution data of the body,
participants are still exposed to less than desirable dosage levels of ionising radiation
(Erdmann, 1997). An alternative technology is magnetic resonance imaging (MRI), which also
yields a series of tomographic images of the body. MRI, however, uses a large magnetic field
instead of ionising radiation to generate tomograms. The principle that allows a magnetic field
to create tomograms relies on the hydrogen nuclei, which are abundant in all tissues and have
a specific orientation of their magnetic moments (dipole) for a given tissue (Martin et al., 1989).
When the body is placed in an MRI scanner, the magnetic field aligns the hydrogen nuclei
within the body tissues. Next, the scanner uses a radio signal to briefly disturb the axis of
rotation of these nuclei, known as the resonance condition. When the nuclei return to their
baseline states, they also generate radio frequency signals that are collected by small
antennae and thus used to create the tomograms. This technology also allows tomograms to
be produced in any orientation other than just the transverse plane, with greater soft tissue
contrast in comparison to CT (Mungiole & Martin, 1990).

The first study to assess segmental IP estimated with MRI was conducted by Martin et al.
(1989). The volume, density and IP of the forearms, upper arms and lower legs of five
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embalmed baboons were compared against criterion values. The MRI results were found to
overestimate volumes when compared with the criterion measure (6.3%), possibly due to the
formalin solution used to preserve the specimens. Overestimated moments of inertia were
also reported (4.4%), which were likely due to inaccuracies from the criterion moment of inertia
estimated using the compound pendulum method (Dowling et al., 2006). Nevertheless, such
discrepancies were small enough to enable researchers to claim that MRI was a promising
technique for obtaining valid IP calculations (Martin et al., 1989).

The ability of both CT and MRI to account for participant-specific tissue and mass distribution
is of particular importance for the torso segment, which comprises several different tissues of
varying densities, in quantities that also vary among individuals. Studies assessing the IP of
the torso with either CT or MRI scanners showed; (i) marked variations in mass distribution
and density along the length of the segment, (ii) marked variations in torso IP (or portions
thereof) within a given population; and (iii) significant differences in torso IP when compared
with predictions from cadaveric studies data, anthropometric measures and geometric
modelling techniques (Erdmann, 1997; Pearsall et al., 1996; Pearsall, Reid, & Ross, 1994;
Reid, 1984; Wei & Jensen, 1995).

Tomography technologies are currently regarded as the most accurate method to estimate
segmental IP of extant humans. Additional applications of CT and MRI in studies of segmental
IP include assessment of variation in density along limb length (Ackland, Henson & Bailey,
1988; Rodrigue & Gagnon, 1983; Wei & Jensen, 1995), and description of the IP of a specific
population (Cheng, Chen, Chen, Lee, & Chen, 2000; Hui et al., 1999; Wei & Jensen, 1995).
However, both CT and MRI are expensive and not broadly accessible, hindering data
collection efforts in large cohorts particularly. Also, the data processing stage can be labour
intensive, especially during the digitising (i.e., identification of all tissue areas) of every
tomogram. Therefore, alternative solutions to CT and MRI that ensure compatible accuracy
as well as improved feasibility are required. Indeed research using tomography technology to
validate new estimation methods that meet this criteria are now being encountered (Bauer et
al., 2007; Lee et al., 2009; Rodrigue & Gagnon, 1984).
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2.3.4 Regression Equations
The kinetic, volumetric and medical-imaging-based methods previously mentioned are often
not available, or their adoption for a given research design is simply impractical. Alternatively,
the anthropometry gathered from the participant (e.g., height, segmental lengths, girths and
breadths, amongst others) can be used to predict segmental IP. As shown from the volumetric
methods, segmental anthropometry and IP are interrelated. Thus, these segmental data can
be concurrently gathered from a large group of participants and correlated such that the
resulting regression equations can be applied to participants across different studies.
Moreover, regression equations, similar to the geometric modelling techniques previously
discussed, have been shown to predict segmental IP with high reproducibility. This allows
more than one similarly trained operator to collect and record measures serving to minimise
data collection time (Challis, 1999). Regression equation approaches, also referred to as
indirect estimation methods, incur minimal cost and require no specialised or expensive
equipment. Therefore, these equations are integrated in most of the widely adopted motion
analysis frameworks, consequently being largely adopted in biomechanical research.

One fundamental consideration for the design and adoption of regression equations is that
the anthropometry, IP and composition of body segments vary markedly across individuals.
Consequently, no single set of regression equations can describe the entire population and
yield accurate segmental IP estimations. Instead, different sets of regression equations are
necessary, being devised from and applied to, participants within narrow ranges of segmental
anthropometry, IP and composition variability. These participants are generally selected from
populations of similar sex, ethnic group, age and fitness levels. There are numerous examples
of population-specific regression equations from the literature, most notably the equations
devised for elderly Caucasian men from cadaveric studies (Barter, 1957; Chandler et al., 1975;
Clauser et al., 1969; Dempster, 1955; Hinrichs, 1985; Yeadon & Morlock, 1989), and
equations devised for young adult Caucasian males from analyses using gamma-ray scanning
(De Leva, 1996; Zatsiorsky & Seluyanov, 1983, 1985; Zatsiorsky et al., 1990). Other examples
of population-specific regression equations include those devised for young adult male and
females analysed using DXA scanning (Durkin & Dowling, 2003) and stereophotogrammetric
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techniques (McConville et al., 1980; Young et al., 1983). Children and teenagers described
using the elliptical zone method have also resulted in the creation of predictive regression
equations (Ackland, Blanksby & Bailey, 1988; Jensen, 1986).

Despite the popularity of regression equations and the fundamental considerations
emphasised, again some drawbacks are encountered. Regression equations from cadaveric
studies were created from small cohorts due to sampling limitations and the complexity of the
technical procedures required to prepare cadavers and estimate the associated segmental IP.
Inconsistent dismembering protocols have also hampered the possibility of pooling descriptive
data from cadaveric studies. Moreover, studies show that age, sex and obesity have a
significant impact on segmental IP of the elderly (Chambers et al., 2010; Jensen, 1993;
Jensen & Fletcher, 1994; Matrangola, Madigan, Nussbaum, Ross, & Davy, 2008), indicating
that the cadaveric-based regression equations are unlikely to account for all variations within
a generic elderly population.

However, regression equations devised from well-defined populations may not necessarily
result in improved prediction accuracy when applied to cohorts of similar characteristics. For
instance, substantial errors were observed when the regression equations derived from the
gamma-ray studies (Zatsiorsky & Seluyanov, 1983, 1985; Zatsiorsky et al., 1990) were used
to predict the segmental IP of young Caucasian males (Durkin & Dowling, 2003; Rossi et al.,
2013). Thus, the similarities in anthropometry, gender, age and ethnic group between the
original and the assessed cohorts did not ensure the accuracy of the predicted segmental IP.
A possible explanation for the lack of accuracy is a difference in fitness level not originally
accounted for, leading to stark differences in body composition. These limitations may be
overcome if devised regression equations attempt to account for greater granularity in input
data (e.g., fitness level - skinfolds).

A further limitation associated with regression equations is the formula employed. The most
common are simple linear regression or scaling equations, which employ only one
anthropometric predictor for each IP. For example, segmental mass is predicted as a function
of whole body mass (Barter, 1957; Chandler et al., 1975; Zatsiorsky & Seluyanov, 1983) or
simply as a whole body mass ratio (Delp et al., 2007; Dempster, 1955; Durkin & Dowling,
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2003). Likewise, the COM position (lying on the longitudinal axis of the segment) and the radii
of gyration about the anatomical axes are expressed as a ratio of segment length (De Leva,
1996; Delp et al., 2007; Durkin & Dowling, 2003; Zatsiorsky & Seluyanov, 1983). These simple
linear equations are not expected to account for variability in segmental IP between
participants within homogeneous populations.

Alternatively, multivariate linear regression equations were formulated to account for more
than one anthropometric predictor for each IP (Ackland, Blanksby & Bloomfield, 1988; Clauser
et al., 1969; Hinrichs, 1985; Zatsiorsky & Seluyanov, 1985). Multivariate linear equations have
more degrees of freedom, and thus an increased ability to account for variations within the
population from which the equations were devised. Additionally, rather than just using a global
measure such as body weight, multivariate equations assures higher correlation between the
anthropometry data gathered from a given segment and the IP estimated as different
proportionalities between subjects are more successfully considered (Hatze, 1975).
Multivariate equations were shown to have higher Pearson product moment correlation
coefficients for the segmental centre of mass position (between 0.38 and 0.93) than simple
linear equations (between 0.25 and 0.60) for the same cohort of young adult Caucasian males
(Zatsiorsky & Seluyanov, 1983, 1985). However increasing the amount of necessary
anthropometric data required for the prediction of segmental IP raises the same conundrum
observed for geometric modelling, rendering the data collection more laborious. Indeed, a
geometric model that requires similar levels of anthropometry data may, in fact, be more
accurate than more complex regression equations (Kingma, Toussaint, De Looze, & Van
Dieen, 1996; Kwon, 2001; Rossi et al., 2013).

The linearity of the employed equations is also a limitation that must be considered, especially
when predicting segmental anatomical moments of inertia or radii of gyration. Yeadon and
Morlock (1989) proposed a set of nonlinear regression equations for determining segmental
moments of inertia, arguing that it might be physically inappropriate to establish linear
relationships between dimensionally distinct quantities, such as the moment of inertia (Kgcm2)
and circumference or length (cm). The authors used the data published by Chandler et al.
(1975) to devise nonlinear equations from the right limb data, whereas the left limb data were
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used as a cross-validation sample to evaluate nonlinear and linear predictions. Average
standard errors of 13% and 21% were observed for the predictions using nonlinear and linear
equations, respectively. When extrapolating both equations to extant subjects and using the
geometric model as criteria (Yeadon, 1990), the average percentage residuals for the
moments of inertia predicted with a nonlinear equation was 20%, whereas for the linear
equations the errors were as high as 286%. Despite the improvements, only a few studies
formulated nonlinear regressions to predict segmental moments of inertia and radii of gyration
(Challis, 1996; Ma et al., 2011; Yeadon & Morlock, 1989).

Finally, regression equations devised for one population have been inappropriately applied to
participants from a different population, despite warnings from some authors who developed
these equations (Chandler et al., 1975; Durkin & Dowling, 2003; Zatsiorsky et al., 1990). The
most commonly applied regression equations to varying populations include those devised
from cadaveric studies (Chandler et al., 1975; Clauser et al., 1969; Dempster, 1955) and from
gamma-ray studies (De Leva, 1996; Zatsiorsky & Seluyanov, 1983, 1985; Zatsiorsky et al.,
1990). Several studies used medical imaging data as criteria to assess errors in predictions
of segmental IP using regression equations. Significant differences in lower limb IP were found
between predictions from cadaveric studies and criterion values given by DXA for children
(Ganley & Powers, 2004a), young adult males and females (Ganley & Powers, 2004b) and
also male weightlifters (Chiu & Salem, 2005). Significant differences in lower limb IP were also
found between predictions from gamma-ray studies and the DXA criterion values for female
soccer players (Arena et al., 2016). Also adopting DXA as a criterion, the percentage root
mean square error for cadaveric-based and gamma-ray-based predictions were calculated for
different populations. These errors for mass, centre of mass position and sagittal moment of
inertia of the lower limb segments can be as large as 27%, 34% and 16% for cadaveric
equations, respectively; and 26%, 23% and 10% for gamma-ray equations, respectively, in a
population of adult females (Durkin, 2008). Likewise, these errors for mass, centre of mass
position and sagittal moment of inertia can be as large as 25% (thigh, gamma-ray equations),
27% (torso, cadaveric equations) and 72% (thigh, gamma-ray equations), respectively, in a
population of elite swimmers (Rossi et al., 2013). The comparison between torso IP predicted
from cadaver or gamma-ray data against estimations from tomography technology also
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suggest significant errors, although it is also influenced by the differing segmentation protocols
of the torso (Cheng et al., 2000; Pearsall et al., 1996; Pearsall et al., 1994; Wicke et al., 2009).

Despite the limitations emphasised, regression equations are widely used in the biomechanics
community to estimate segmental IP. Geometric modelling methods and regression equations
that only require a small number of anthropometric measures can be gathered relatively noninvasively at minimal cost. The implications of the limitations described above and effect of
reduced accuracy to dynamic investigations are now explored.

2.4

Modelling Assumptions

Highlighted thus far are the advantages and limitations of the collection methods employed by
researchers used in the estimation of segmental IP parameters. Each of these methods
adopts some level of assumption that aims to reduce the complexity of the human body while
ensuring that the model adequately describes the body. However, these modelling
assumptions may not ensure sufficient similarity and thus adversely impact the output of
dynamic biomechanical analyses (Dumas, Aissaoui, & de Guise, 2004; Dumas, Chèze, &
Verriest, 2007; Hatze, 2002; Zatsiorsky, 2002).

2.4.1 Location of centre of mass and orientation of principal axes
of inertia
Two of the most commonly adopted modelling assumptions refer to the location of the centre
of mass and the orientation of the principal axes of inertia. First, it is assumed that the centre
of mass of the segment lies in a line determined by the proximal and the distal joint centres.
Secondly, it is assumed that the principal axes of inertia of the segment have the same
direction as the anatomical coordinate system. The second assumption is the rationale for the
calculation of the moments of inertia about the axes of the anatomical coordinate system as
opposed to the calculation of the segmental inertia tensor. Both assumptions essentially
simplify estimations of segmental IP from geometric modelling and regression equations as
already discussed.
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As previously stated geometric modelling uses simple solids of uniform density as segmental
templates, such as cylinders or frusta with the transverse section represented by a circle,
ellipsoid or other figures with planar symmetry (Hanavan, 1964; Hatze, 1980; Jensen, 1978;
Yeadon, 1990; Zatsiorsky et al., 1990). These solids have their centre of masses and principal
moments of inertia computed relative to axes and planes of symmetry. Therefore, the
modelling assumptions regarding the centre of mass location and the principal axes of inertia
orientation are justified by aligning; (i) the longitudinal axis of symmetric of the solids with the
proximal and distal joint centres, and (ii) the planes of symmetry of the solids with the
anatomical planes.

From a regression equation perspective, these modelling assumptions reduce the number of
equations necessary to estimate segmental IP. Only one regression equation is required if the
centre of mass location is defined as the percentage of the distance between proximal and
distal endpoints (Chandler et al., 1975; De Leva, 1996; Durkin & Dowling, 2003; Hinrichs,
1990; Zatsiorsky & Seluyanov, 1983, 1985; Zatsiorsky et al., 1990). Conversely, three
regression equations are required to account for the 3D centre of mass coordinates in space.
Likewise, the assumption of congruency between the anatomical axes and the principal axes
of inertia reduces the prediction of the six distinct inertia tensor components to just the three
moments of inertia about the anatomical axes. Indeed, only one study provided a set of
regression equations for the 3D centre of mass position and all inertia tensor elements (Dumas
et al., 2007). These equations, devised from cohorts of adult males (McConville et al., 1980)
and females (Young et al., 1983), only used segmental length as predictors. Conversely, the
adoption of other predictors for each of the six distinct elements of the inertia tensor may
possibly breach the required orthogonality of the three principal axes of inertia.

The modelling assumptions made for the centre of mass location and inertia tensor orientation
mentioned above are not supported when more irregularly-shaped volumetric templates for
the human body are adopted. For instance, the thigh centre of mass estimated from the 3D
mesh of the participant can be displaced by more than 2cm from the longitudinal axis in both
sagittal and transverse directions (Sheets et al., 2010). The longitudinal principal axes of
inertia of the upper arm and the forearm can deviate from the anatomical longitudinal axis by
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as far as 13º and 21º, respectively, in a cohort of young adult females examined with
stereophotogrammetry (Dumas et al., 2007; Young et al., 1983). These differences could be
even larger if assessed with medical imaging technologies. However, to our best knowledge,
no study has aimed to use medical imaging technologies to assess the modelling assumptions
regarding the position of the centre of mass and the orientation of the principal axes of inertia.

Indeed, few studies have estimated segmental inertia tensors as opposed to the anatomical
moments of inertia (Chandler et al., 1975; Dumas et al., 2007; McConville et al., 1980; Young
et al., 1983) as it is difficult to measure and validate inertia tensor estimates. As previously
discussed, the compound pendulum is the experimental method most commonly adopted to
yield criterion moments of inertia values of rigid objects. However, these criterion moments of
inertia are highly sensitive to the uncertainties of the variables measured experimentally during
the oscillation of the object (Dowling et al., 2006) with estimation errors as high as 15%
reported (Durkin et al., 2002). Additionally, the moments of inertia about at least six distinct
axes of rotations passing through the centre of mass are necessary to estimate the inertia
tensor (Chandler et al., 1975), leading to a possible accumulation of errors. Indeed, the
calculation of segmental inertia tensor from the compound pendulum method in the cadaveric
study of Chandler et al. (1975) was later shown to be flawed (Zatsiorsky, 2002). Ideally, a new
experimental setup relying on a more accurate ground truth measure should be developed to
validate estimations of segmental inertia tensor.

There is still insufficient experimental evidence to determine the effects of neglecting the true
orientation of principal axes of inertia in human motion analyses (Zatsiorsky, 2002). Perhaps
the persistence of this problem lies in the complex relationship between the mass distribution
of an object, represented by the inertia tensor, and the observed rotational motion.
Specifically, the angular momentum and angular velocity vectors may not necessarily be
parallel. This non-parallelism occurs when the angular velocity vector is not an eigenvector of
the inertia tensor (i.e., when the angular velocity is not parallel to a given principal axis of
inertia), resulting in the object rotating about an axis that changes its direction in space. The
resulting complex rotation also depends on how the mass is distributed about all principal axes
(i.e., the principal moments of inertia), which varies among segments. For instance, in a
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perfect sphere, all principal moments of inertia are equal because the mass distribution about
any axis passing through the centre of mass is the same. Thus, the orientation of the principal
axes of inertia is negligible, and the axis about which the sphere rotates does not change its
orientation.

2.4.2 Segment rigidity
One modelling assumption common to all estimation methods previously outlined concerns
segment rigidity. Rigid objects are not deformed under external forces, maintaining constant
mass, mass distribution profiles and thus constant IP. Biomechanical models comprising rigid
segments connected by ideal (i.e., frictionless) revolute joints are broadly adopted in
biomechanical investigations as they remarkably reduce the complexity of the human body for
dynamic investigations (Andrews, 1995; Hatze, 1980; Zatsiorsky, 2002). Surely, however, this
modelling approach leads into artefacts that may not be negligible for specific human activities.

Segmental rigidity requires the boundaries of the segment to be defined. However, the human
body is continuous at the level of the joints, so the separation into isolated segments is
arbitrary and faces some difficult challenges (Dempster, 1955; Zatsiorsky, 2002). For instance,
it is debatable whether segmentation should refer to joint centres or anatomical landmarks.
Some portions of the body exhibit multiple degrees of freedom (e.g., the scapula or bones
comprising the feet) which makes it difficult to separate from adjacent portions. It is also
impossible to avoid mass displacement from one segment to the next due to joint motion, such
as the movement of gluteal mass during hip flexion/extension (Zatsiorsky, 2002). Different
segmentation protocols have then been proposed and adopted, and thus comparisons
between the various estimation methods can be compromised. Indeed, it has been suggested
that differences in segmentation protocols may explain some of the discrepancies in lower
limb segments IP estimations that have been reported to be as large as 60% (Nguyen &
Reynolds, 2014; Rao et al., 2006; Sheets et al., 2010). Therefore, the comparison between
estimation methods should ideally be restricted to those that reflect similar segmentation
protocols.
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Another limitation with the segment rigidity assumption is that soft parts of the segment (e.g.,
muscle, fat, skin, blood) are known to move with respect to the adjacent bones in which the
segment anatomical coordinate system is generally defined. These soft parts can be deformed
under tension, compression and shearing forces. Thus, the motion soft tissue leads into
variation in segmental IP values that is dependent on the nature of the observed motion.
Although it has been argued that soft tissue displacement or deformation may have a
negligible effect on segmental IP (Hatze, 1980), recent research provides evidence otherwise.
Pain and Challis (2001) used the 3D surface scan technique to show that the centre of mass
of the lower leg can be displaced up to 1.7 cm proximally due to contraction of the triceps
surae during plantar flexion. Pai (2010) also reported that the muscles represented in
musculoskeletal models should have their mass properties represented separately rather than
lumped with the respective segment to minimise possible errors in the dynamics of the model.
From a segmental IP perspective, however, perhaps the most important soft tissue artefact is
the wobbling mass artefact. This artefact refers to the complex dampened oscillation of the
soft tissues with respect to the skeleton during high accelerations, as observed in impacts and
impulsive loading (Gruber, Ruder, Denoth, & Schneider, 1998). Recent studies show that the
wobbling mass artefact cannot be neglected during impact with the ground, especially in
activities such as drop landing and running, as this impact phase is also associated with
injuries and discomfort (Alonso, Del Castillo, & Pintado, 2007; Cochrane, Lloyd, Buttfield,
Seward, & McGivern, 2007; Gittoes, Brewin, & Kerwin, 2006; Liu & Nigg, 2000; Pain & Challis,
2006). A closer examination of the dynamics of wobbling masses during impact activities are
discussed later in this review.

Arguably, no segment is more affected by the segment rigidity assumption than that of the
torso. As previously highlighted, segment boundary definition is particularly challenging
between the torso and the adjacent limb segments. The various degrees of freedom at the
level of each intervertebral joint, rib cage and shoulder complex, results in considerable mass
displacement and variations in torso IP for different poses. Simplification of the torso by
separation into sub-segments (e.g., pelvis, abdomen, thorax and shoulder) has been
suggested by several researchers to account for deformations observed in activities such as
gymnastics and wrestling (Cheng et al., 2000; Crewe, Campbell, Elliott, & Alderson, 2013;
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Dempster, 1955; Erdmann, 1997; Pearsall et al., 1996; Pearsall et al., 1994; Wicke et al.,
2009). Again, however, these segmentation protocols are also prone to arbitrary decisions,
which hampers the ability to compare estimations of segmental IP and fluctuations of torso
density between studies. Finally, large visceral mass displacement can occur at the torso
independently of the changes in skeletal pose (e.g., when we stand within a lift during its
acceleration or deceleration). Minetti and Belli (1994) showed that a total visceral mass of
8.8 kg oscillating at a frequency of 3.5 Hz could displace vertically between a range of 5 to
8cm. It was also shown that a low diaphragmatic respiration combined with contraction of
abdominal and pelvic floor muscles compacts the visceral mass which then exhibits restrained
excursion during a vertical jump (Cazzola, Alberti, Ongaro, & Minetti, 2014). Other studies
also confirm that visceral motion is a large contributor to wobbling mass artefact (Alonso et
al., 2007; Gittoes et al., 2006; Gruber et al., 1998; Liu & Nigg, 2000; Pain & Challis, 2006).
Therefore, assuming rigidity of the torso segment may pose a severe limitation in the
biomechanical analysis of a vast range of activities.

3D surface scans, DXA and tomography technologies are estimation methods with potential
to model segments as non-rigid bodies. The resulting 3D mesh is not a solid structure or a
collection of geometric solids, but rather can be animated (i.e., deformed at the level of
previously set joints). One of the most common techniques for 3D mesh animation comprises
associating the vertex points from the mesh to an embedded, one-dimensional curve skeleton.
Thus changes in the pose of the embedded skeleton result in according animation of the mesh
(Baran & Popovic, 2007). Further improvements to this animation technique, including more
anatomically accurate joint centre representation, could allow the torso to be represented by
a finite-element model as opposed to a collection of rigid sub-segments. Moreover, the high
fidelity of the 3D mesh allows variation in segmental IP to be estimated from soft tissue motion
(Pain & Challis, 2001). Indeed, remarkable technological advances in the movie and game
industries allow virtual humans to be created from 3D meshes and animated with impressive
levels of fidelity. Some of the newly developed technologies allow realistic reproduction of a
wide range of muscle shapes for different arm poses under the influence of various external
forces applied to the limb (Neumann et al., 2013). In parallel, both DXA and tomography
technologies offer the possibility of modelling the rigid parts (i.e., bones) and the soft parts
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(i.e., muscles, tendons, fat, to cite a few) of the segment separately. Similar algorithms to
those used in the animation of 3D meshes can be developed and adapted to modulate the
relative displacement between rigid and soft tissues as a function of the participant’s pose and
the external force applied to the segment. Our research group is already investigating the
potential of these technologies and algorithms in a low-cost markerless motion analysis
system to optimise athlete performance in a variety of sports (El-Sallam et al., 2013). Our
approach follows standard markerless methods in which a participant-specific 3D mesh is
animated to track the visual hull of the participant. The approach, however, previously
registers the vertices of the 3D mesh with the 2D mass distribution gathered with DXA,
allowing the whole body centre of mass of the participant to be tracked during dynamic motion
(El-Sallam et al., 2013). Therefore, recent advances in different areas such as animation
industry may also represent a shift in the segment rigidity paradigm for biomechanical
applications.

2.4.3 Segmental density
The assumption of uniform density is necessary for the majority of volumetric methods that
account for body shape information to estimate segmental IP. As previously discussed, early
versions of stereophotogrammetry, geometric modelling and 3D surface scan methods relied
on segmental mean density data of cadaveric studies of elderly cohorts (Chandler et al., 1975;
Clauser et al., 1969; Dempster, 1955) to estimate segmental IP. However, segments comprise
different tissues of different densities, which can be as large as 1.8 g/cm3 for the cortical bone
or as small as 0.15 g/cm3 for the lungs during inhalation (Zatsiorsky, 2002). Moreover, masses
and proportions of segmental tissues vary between and within different populations (Kerr &
Stewart, 2009). These variations may be more marked in an elderly population, as ageing
leads to bone and muscle mass loss and fat mass gain, resulting in a net decrease in
segmental density (Zatsiorsky, 2002), especially in females (Jensen, 1993). Therefore, the
volumetric methods that account for segmental mean density from the cadaveric studies
neglect the non-uniform nature of segmental density and the differences in density profile
between elderly and non-elderly populations.
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The advent of tomography technology has assisted researcher's in quantifying variation in
segment density of extant humans (Ackland, Henson & Bailey, 1988; Erdmann, 1997; Wei &
Jensen, 1995). For instance, Wei and Jensen (1995) compared segmental IP estimated with
the elliptical zone method (Jensen, 1978) in two different situations: (i) under the uniform
density assumption, and (ii) accounting for density variations along the longitudinal axis. The
density variation was represented as a polynomial function of the length proportion, using the
density of tomography slices gathered with CT from a population of Chinese females. These
polynomials were computed for all segments and then applied to each elliptical zone to
estimate the segmental IP in five different cohorts, each of which represented cohorts of
varying age and gender. Differences of less than 1% and approximately 3% were observed
for upper and lower limb segments, respectively (although for the feet and hands they could
be higher than 10%), for all populations analysed. Ackland Henson and Bailey (1988) used
the CT scanner to find that density along the longitudinal axis of a human leg can vary up to
10%. However, this study also showed that the uniform density assumption only produced
minor errors in the leg IP estimation.

It can be argued that the uniform density assumption is more critical to the torso segment,
which comprises several different tissues. Moreover, the torso is the segment with greatest
inter-individual differences, which is highly influenced by morphology, gender, age, training
ethos and fitness level (Kerr & Stewart, 2009; Wicke et al., 2008; Zatsiorsky, 2002). Not
surprisingly, several studies have assessed variation in torso density its influence on torso IP
estimation. Pearsall and colleagues (1996) showed that the whole torso centre of mass and
different sections thereof did not match the respective centres of volumes. Some studies
utilised either tomography technology (Erdmann, 1997; Pearsall et al., 1996; Wei & Jensen,
1995) or a combination of DXA and elliptical zone methods (Wicke & Dumas, 2010; Wicke et
al., 2008; Wicke et al., 2009) to describe torso density along the longitudinal axis as a function
of its position along the length of the segment. The resulting density functions agreed well
across studies; however, the differences observed resulted from different definitions of trunk
boundaries, methods for density estimates (i.e., how the mass and the volume data were
gathered) and characteristics of the participants tested (Wicke et al., 2008). It was suggested
that the ability of the volumetric method in replicating the true shape of the torso is of greater
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importance to torso IP accuracy than the use of non-uniform density profiles (Wicke & Dumas,
2010). Nevertheless, the importance of accounting for density variations for the torso should
not be neglected. Ideally, the most accurate sources of volumetric, shape and mass
distribution data should be combined for improved torso IP estimation.

2.5

Influences in Dynamic Investigations

Thus far, the previous sections highlighted the strengths and the limitations of the estimation
methods and associated modelling assumptions. In the context of human motion analyses,
however, the key point of interest is to assess the meaningfulness of these strengths and
limitations, i.e., how they can affect the predicted dynamics of the human body. This section
explores the relationship between segmental IP and the outcomes from inverse and forward
dynamic analyses, with a final discussion on how these two analyses can be affected by the
wobbling mass artefact.

2.5.1 Inverse dynamics
Inverse dynamics is the standard approach to predict joint loading (i.e., net joint forces and
moments) in functional locomotion (Langenderfer, Laz, Petrella, & Rullkoetter, 2008). As
walking gait is generally regarded as the most vital functional movement, it is logical that the
majority of published studies have assessed the meaningfulness of segmental IP for inverse
dynamics of walking. Some studies compared the net joint curves at the lower limbs calculated
with different sets of estimated segmental IP. As a common trend, these studies showed
negligible differences in the net joint moment curves during stance, although a tendency for
increasing differences at more proximal joints was observed. During the swing phase, the hip
joint showed a maximal reported value of 20% for variations of peak flexion/extension moment
(Rao et al., 2006) and this finding is consistent with investigations across cohorts of adults
(Ganley & Powers, 2004b; Lee et al., 2009; Nguyen & Reynolds, 2014; Rao et al., 2006;
Sheets et al., 2010) and children (Bauer et al., 2007; Ganley & Powers, 2004a).

However, the methodology adopted by these studies are also subject to limitations. First, no
set of estimated segmental IP can be regarded as gold standard, because even when the IP
are estimated using medical imaging technologies, the associated modelling assumptions
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(e.g., the segment rigidity and the segmentation protocol) remain as an artefact. Thus, the
ground truth net joint moments cannot be calculated. Secondly, the simple comparison
between different sets of estimated segmental IP provides little information on how these data
can affect the sensitivity of joint dynamics. To assess the impact of this limitation, researchers
have varied segmental IP baseline values within a determined range and assessed the
sensitivity of net joint moments to IP value discrepancies. It was revealed that variation in
segmental IP exert greater influence over more proximal joints, and are more pronounced in
the swing than in the stance phase (Langenderfer et al., 2008; Myers, Laz, Shelburne, &
Davidson, 2015; Pearsall & Costigan, 1999; Reinbolt, Haftka, Chmielewski, & Fregly, 2007;
Silva & Ambrósio, 2004; Wesseling, de Groote, & Jonkers, 2014). It was also reported that
the more proximal joints have greater sensitivity to variations in masses and centre of mass
position of more proximal segments (Langenderfer et al., 2008; Myers et al., 2015; Wesseling
et al., 2014). Nevertheless, errors in segmental IP had a limited effect on the calculation of
lower-limb net joint moments in these studies.

These findings can be promptly explained upon consideration of the Newton-Euler equations
of motion and how they are used to estimate the dynamics of the biomechanical model. Briefly,
the ground reaction force data (GRF) is combined with the kinematics and IP of every segment
of the weight bearing lower limb (closed-chain) to calculate the net joint forces and moments
according to the dynamic equations of the model (Andrews, 1995):
𝑭 = 𝑭𝑃 + 𝑭𝐷 + 𝑚𝒈

𝑴𝐺 = (𝒓𝑃/𝐺 × 𝑭𝑃 ) + (𝒓𝐷/𝐺 × 𝑭𝐷 ) + 𝑴𝑃 + 𝑴𝐷

Eq. 2.11

Eq. 2.12

Where F and MG are the resultant segmental force and moment, respectively; FP and MP are
the net proximal joint force and moment, respectively; FD and MD are the net distal joint force
and moment, respectively; and rP/G and rD/G are the locations of the proximal and distal joint
centres with respect to the segmental centre of mass, respectively. F, MG, rP/G and rD/G are
computed for all segments using the joint parameters of the model, the segmental IP, and the
recorded kinematics. By replacing the FD, MD and rD/G with the GRF vector and its point of
application on foot, the net ankle force and moment are computed. As the ankle is
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simultaneously the proximal joint for the foot and distal joint for the leg, the dynamic equations
are applied again to the leg and then to the thigh, allowing calculation of the net joint forces
and moments of the knee and then the hip. Therefore, the net joint forces and moments are
calculated in a staggered way, from the most distal to the most proximal segment, by
calculating FP and MP from the previously calculated F, FD, MG and MD.

During the stance phase of walking gait, the GRF vector exerts a much greater influence over
the calculation of FP and MP than the F and MG of the stance foot due to the small segment
inertia and small magnitude of the linear and angular accelerations of the segment. Although
the remaining limb segments have larger masses than the foot, their inertia and acceleration
magnitudes remain relatively small, just slightly influencing their corresponding FP and MP.
Therefore, even large differences in segmental mass and moments of inertia do not affect the
predicted net joint dynamics meaningfully during the stance phase. However, as the analysis
progresses from distal to proximal joints, each FD and MD increasingly accumulates errors in
segmental IP and kinematics, explaining why the hip joint moment is more affected than the
ankle joint, albeit in an apparent negligible way.

During the swing phase, the GRF is withdrawn (open-chain), and thus the degree to which the
segmental IP influence the resulting net joint forces and moments depends on the
characteristics of the motion analysed. For example, the influence of segmental IP values on
net joint moments during the swing phase does not appear to be affected by increasing
walking cadence (Rao et al., 2006). However, some studies suggest that segmental IP
accuracy may be of increased relevance during the swing phase of running. First, increases
in the absolute magnitude of hip and knee joint moments, power and work are larger at
terminal swing with increasing running speed (Schache et al., 2011). It is during the terminal
swing that the hamstrings transfer the energy absorbed at the knee to the hip, and thus these
muscles sustain increasing loads as running speeds approach maximum (Novacheck, 1998;
Schache et al., 2011). Moreover, segmental F and rP/G, respectively calculated from segmental
mass and centre of mass position, are large contributors to the hip moments in running speeds
of 5m/s (Krabbe, Farkas, & Baumann, 1997). Therefore, the importance of accurate estimation
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of segmental IP for hip and knee moments during the terminal swing during running is implied
and warrants further attention.

The theoretical background explained with the aid of the Newton-Euler equations of motion
supports the results observed in inverse dynamic analyses of different closed-chain activities.
The influence of segmental IP over the net joint moments of the hip is reported as greater than
that of the ankle during stair ascending and descending (Fantozzi, Stagni, Cappello, &
Leardini, 2005) and drop vertical jump (Arena et al., 2016) tasks, although the overall influence
was negligible. The trend remained the same when calculating joint work (i.e., integration of
net joint moment over angular displacement at the joint) and joint power (i.e., the rate of
change in joint work) (Nagano, Gerritsen, & Fukashiro, 2000; Arena et al., 2016). It has been
suggested; however, that segmental IP may have a greater influence on lower-limb net joint
moments of weightlifters due to the relatively higher acceleration of the limbs required by the
manoeuvre (Chiu & Salem, 2005).

As previously suggested, open-chain inverse dynamic analyses are prone to greater influence
of segmental IP variation than closed-chain analyses. The most common examples arise from
analyses of the lumbosacral net joint moment computed using a top-down inverse dynamics
approach, i.e., in which the analysis starts at the hands (open end). Studies adopting this topdown approach have clearly shown that variations in the IP of the torso and upper limb
segments are the greatest contributors to lumbosacral joint moment sensitivity about the
transverse axis during lifting tasks (Desjardins, Plamondon, & Gagnon, 1998; Larivière &
Gagnon, 1999). It may be argued that estimations of lumbosacral moments via a bottom-up,
closed-chain inverse dynamic analysis (i.e., starting from the feet with the aid of a force plate)
is likely less prone to variations in torso IP measures. However, the consistency between
bottom-up and top-down predictions of the net lumbosacral joint moment is a measure of
validity for full-body biomechanical models used in more complex manoeuvres and analyses
(Kingma, de Looze, Toussaint, Klijnsma, & Bruijnen, 1996; Robert, Chèze, Dumas, & Verriest,
2007).

Intuitively, one would expect that more complex 3D manoeuvres requiring full-body
biomechanical models would be highly sensitive to segmental IP variation, as a large number
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of segments leads to compounding errors in the equations of motion. Two studies by Kwon
(1996, 2001) assessed how different sets of segmental IP influenced the 3D body angular
momentum during somersaults with full-twist horizontal-bar dismounts performed by collegiate
male gymnasts. The first study (Kwon, 1996) showed that the segmental IP from different
estimation methods affected the magnitude of the calculated angular momentum. However,
fluctuations in the angular momentum for the duration of the flight were observed and
displayed similar magnitudes for all methods investigated. A follow-up study (Kwon, 2001)
assessed the sensitivity of the experimental simulation of the same gymnastic manoeuvres to
the estimated segmental IP. In this context, experimental simulation refers to the simulations
of the whole body rotation performed when the time-history of the joint angles are gathered
experimentally. Different estimation methods of segmental IP were assessed, followed by a
sensitivity analysis to identify which IP and body segments were responsible for inter-methods
differences in the simulation accuracy. Methods that accounted for greater participant
specificity yielded more accurate simulations. It was also shown that segmental mass is the
most critical of the IP affecting the simulations, whereas the torso and lower limb were the
most critical of the body segments. It is clear that other types of complex 3D sporting
manoeuvres such as aerial skiing and diving may equally benefit from more accurate IP
estimation methods.

The results from these studies have clearly elucidated that the relationship between segmental
IP variation and resultant net joint moments calculated via an inverse dynamics approach, is
highly dependent on the motion analysed. As a general trend, inter-method variations in
segmental IP have negligible influence on joint dynamics during closed-chain, bottom-up
inverse dynamic analyses. This trend is more pronounced at distal joints and when the overall
acceleration of the limb segments is small. Conversely, open-chain analyses may be more
influenced by segmental IP values, especially at more proximal joints and when the
acceleration of the segments involved is high. Moreover, movements that adopt a full-body
biomechanical model may require participant-specific segmental IP values.
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2.5.2 Forward dynamics
Forward dynamic analyses complement data from inverse dynamics and electromyography
(EMG) analyses by providing insights about the often non-intuitive role of muscles during
motion. In brief, forward dynamics adopts biomechanical models that also account for
physiological and geometric characteristics of the muscles (i.e., musculoskeletal model) to
simulate muscle-driven joint moments and body kinematics from some neural input. This
neural input can be sourced from EMG signals (Buchanan, Lloyd, Manal, & Besier, 2004,
2005; Lloyd & Besier, 2003; Lloyd, Buchanan, & Besier, 2005), whose experimental collection
may be cumbersome for some movements (Manal & Buchanan, 2004). Alternatively, the
neural command may be estimated from an optimisation approach based on experimental
kinematic data (e.g., joint accelerations) or even kinetic data (e.g., GRF) gathered from the
participant. This approach referred to as forward dynamics assisted data tracking (Anderson
& Pandy, 2001; Erdemir, McLean, Herzog, & van den Bogert, 2007) commences with an initial
set of neural command or muscle activation patterns that vary between 0 and 1. These muscle
activation patterns are imported into the musculoskeletal model to generate muscle forces,
and joint moments, through sets of differential equations. The muscle activation is modulated
iteratively, so the resulting dynamics best reproduce the experimental dynamics gathered.
Subsequently, an infinite number of possible muscle activation patterns can result in the same
optimal solution and this redundancy can be resolved by minimising the sum of the squared
muscle activations (Thelen & Anderson, 2006; Thelen, Anderson, & Delp, 2003).

Indeed, the accuracy of the kinematic data to be tracked, and the accuracy of the muscle
parameters adopted in the musculoskeletal model, are paramount when performing forward
dynamic analyses. However, some other important factors concerning segmental IP deserve
attention. First, muscles crossing one joint affect accelerations of all body segments as a
consequence of the interlimb coupling of forces. Thereby, forward dynamics require a larger
number of segments (if not all) to be modelled. For instance, a full-body musculoskeletal
model is necessary for forward dynamic analyses of lower limb loading during running
(Hamner, Seth, & Delp, 2010), whereas in an inverse dynamics approach only the lower limb
and the pelvis segments would be modelled. Surely, the possibility of exploring the non-
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intuitive role of muscles accelerating joints they do not cross represents a major advantage of
forward dynamic analyses. However, as discussed previously, the inclusion of a greater
number of segments leads to increased accumulation of segmental IP errors. Another
consideration is that the behaviour of the model and the human body must agree to within
acceptable tolerance during the investigation carried out (Hatze, 2002). In other words, the
inconsistency between the model dynamics and the external forces gathered from the
participant (e.g., GRF) must be minimised. Inconsistencies are unavoidable as a result of
collection and processing of kinematic data, and also due to the modelling parameters
adopted, specifically joint parameters and segmental IP (Alonso et al., 2007; Hatze, 2002;
Robert et al., 2007; Thelen & Anderson, 2006). Therefore, at least from a theoretical
perspective, the adoption of a full-body musculoskeletal model with participant-specific
segmental IP is key for forward dynamics assisted data tracking of a wide range of different
activities. Otherwise, due to the inherent complexity of the analysis, the entire multi-link system
may generate and accumulate errors very quickly (Winter, 2009).

Despite the theoretical perspective discussed above, research assessing the sensitivity of
forward dynamics to errors in segmental IP is scarce, only recently explored and restricted to
walking gait. Using LifeMod (Biomechanics Research Group, Inc., USA) as a simulation tool,
Dao, Marin, and Tho (2009) compared muscle forces from models that adopted segmental IP
predicted from regression equations. A maximal relative error of 29% in soleus force
production was observed between segmental IP methods. Wesseling et al. (2014) observed
large differences in muscle impulses simulated with perturbed segmental IP. These
perturbations used the segmental mass, the centre of mass and inertia tensor estimated from
scaling a generic musculoskeletal model in OpenSim as a baseline (Delp et al., 2007), and
then adjusted from 60% to 140% of the baseline values in step changes of 10%. These
perturbations were also shown to affect mainly the muscle crossing the ankle joint. In another
study that also adopted OpenSim as a simulation tool, Myers et al. (2015) found that
uncertainty in segmental IP impacted force production of all lower-limb muscles modelled,
though predominantly the hamstrings. These three studies confirm the importance of
participant-specific segmental IP for muscle force prediction using forward dynamic analyses.
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To date, the study by Myers et al. (2015) is the most comprehensive investigation assessing
the sensitivity of muscle force estimates to segmental IP variations. The study included other
sources of measurement errors and parameter uncertainties and assessed how they
propagated throughout the required stages of the simulation. It was observed that muscle
parameter uncertainties had the greatest impact on simulation of muscle-tendon forces, and
segmental IP uncertainties displayed a greater impact than marker placement and marker
movement artefact for the hamstrings. These findings indicated that as well as the processing
of kinematic signals, forward dynamic analyses were sensitive to a wide range of modelling
factors and the combined interaction effects between them. Although uncertainties in
segmental IP reported a relatively small impact, an impact remained nonetheless. It is
therefore imperative to continue improving the accuracy of modelling parameters in
musculoskeletal models to expand the use of forward dynamic analyses in biomechanical
investigations. Musculoskeletal models are under increasing development thanks to advances
in medical imaging technologies, computational power and numerical methods (Valente et al.,
2014). Moreover, the free availability of open-source software for model development and
dynamic simulation allows biomechanists worldwide to build a repository of models and
simulations under the same platform, fomenting multi-institutional collaboration (Delp et al.,
2007). Thus, improving the accuracy of participant-specific segmental IP is one yet important
area of interest in the global search for optimised forward dynamic analyses, leading to more
effective clinical treatments and human performance interventions.

2.5.3 Wobbling mass artefact during dynamic analyses
The review thus far has emphasised the influence of segmental IP on joint and muscle force
estimates during inverse and forward dynamic analyses. However, the analyses outlined have
employed models that assumed segment rigidity; thereby neglecting any possible wobbling
mass artefact. As previously mentioned, wobbling mass is a complex, dampened oscillation
of the soft tissues with respect to the skeleton during high accelerations, e.g., impacts and
impulsive loading (Gruber et al., 1998). The relative displacement of the wobbling masses
results in coupling of forces with the skeleton that is not considered under the segment rigidity
assumption. However, these couplings of forces are detected in the GRF signal, as the force
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plate records measurements from the real human body. Therefore, the GRF signal is
dynamically inconsistent with a rigid-segment model during the interval when the wobbling
mass artefact is more prominent, irrespective of the quality of the kinematic data.

Gruber et al. (1998) demonstrated the nature of this dynamic inconsistency during the impact
phase of a 40-cm-height drop landing. This impact phase is characterised by a high-frequency
force peak in the GRF signal that lasts for approximately the first 50 ms of contact with the
force plate. The study compared the dynamics during the impact phase of a rigid-segment
model against a wobbling-mass model, which represents each segment as an underlying rigid
skeleton with a wobbling mass suspended by spring dampers. Simulations of GRF were
performed for both models, with the simulation from the wobbling-mass model matching more
closely the force peak signal experimentally gathered, whereas the simulation with the rigidsegment model severely overestimated the force peak signal. The mechanical explanation for
the observed difference in simulation results is, in fact, simple. The characteristic force peak
in the GRF signal results from the sudden deceleration of the rigid (skeletal) parts of the body.
The soft parts of the body, however, keep on moving downwards in a delayed, decelerated
way, leading to a “shoulder-like” shape in the declining slope of the GRF signal. Conversely,
the rigid-segment model does not account for the relative motion between rigid and soft
tissues, and thus it assumes the entire mass of the segment (rigid + soft parts) is
simultaneously and suddenly decelerated. The sudden deceleration of a much large mass
portion leads into a much higher force peak in the GRF during the impact phase, with also a
sharper declining slope (Gruber et al., 1998). The dynamic inconsistency between the GRF
signal and the rigid-segment model during the impact phase of drop landing was shown to
produce physiologically unrealistic oscillation of the joint moments, with increased amplitude
for more proximal joints. These oscillations were due to the joint moments being the only free
parameter that compensates for the inability of the rigid-segment model to account for the
wobbling mass. On the one hand, the simplicity of the wobbling-mass model could be
identified as partially responsible for the drastic differences in net joint forces and moments
between the two biomechanical models. Conversely, other studies assessing drop landing
with wobbling-mass models relying on more realistic parameters also observed reduced joint
load (Gittoes et al., 2006; Pain & Challis, 2006). Indeed, these findings not only suggest the
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jeopardy to the inverse dynamic analysis of drop landing by using rigid-segment models, but
they also indicate that the wobbling masses have an important role in minimising the load to
the joints for this type of motion (Challis & Pain, 2008; Pain & Challis, 2006).

However, the wobbling masses may have different roles during other activities. For instance,
it has been suggested that jumping efficacy, which can be paramount for some sports (e.g.,
volleyball and athletics) can be hampered by excessive visceral motion (Cazzola et al., 2014).
This suggestion is supported by the hypothesis that the skeleton has greater acceleration
upwards than the viscera during takeoff. Thus, part of the energy generated by the muscles
during the vertical impulse is converted into the oscillating energy of the viscera, which is then
absorbed by the viscoelastic properties of the soft tissues connecting the viscera to the
skeleton. Visceral motion is also suggested to have a fundamental role in the respiratorylocomotion coupling during running. This suggestion arises from research in animals such as
the wallabies, whose locomotion rhythm was shown to entrain the respiratory rhythm. In other
words, the locomotion induces oscillation to the viscera, which then works as a piston that
affects the diaphragm function (Cazzola et al., 2014; McDermott, Van Emmerik, & Hamill,
2003). These suggestions, however, deserve more thorough investigations with appropriate
wobbling-mass models.

The wobbling mass artefact is a source of inconsistency between the experimentally
measured external forces and the dynamics of the rigid-segment model, and thus may have
important implications for forward dynamic analyses. In general, dynamic inconsistencies are
managed in OpenSim with the aid of the Residual Reduction Algorithm (Reinbolt, Seth, &
Delp, 2011; Remy & Thelen, 2009). This algorithm is essentially a simulation approach that
optimally estimates generalised accelerations of the model that minimises the dynamic
inconsistency and the differences from the experimentally recorded kinematics. However, the
wobbling mass is a modelling artefact and thus independent of the errors in the kinematic
data. Therefore, the use of Residual Reduction Algorithm as means to counteract the wobbling
mass artefact and other modelling sources of dynamic inconsistency (e.g., errors in joint axis
and centre identification, segmental IP and limited degrees of freedom) can be ineffective, or
even detrimental. For example, the reduction of the dynamic inconsistency by the algorithm
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was assessed in unanticipated sidestepping (Reinbolt et al., 2011), a sporting manoeuvre
associated with knee injuries during ground impact (Cochrane et al., 2007; Donnelly et al.,
2012; Koga et al., 2010; Krosshaug et al., 2007). The study showed root mean square errors
of up to 3º between the joint angles experimentally measured and those from a simulation that
drastically reduced the residual kinetics (Reinbolt et al., 2011). The study, however, did not
report the maximum joint angle difference, and only assessed one participant. Thus, the joint
kinematics simulated by the algorithm may no longer represent the motion of the participant
accurately. Further research is required to understand the extent to which the modelling
artefacts, including the wobbling mass, could have hampered the solution produced by the
Residual Reduction Algorithm during sidestepping manoeuvres. Nevertheless, forward
dynamic analyses of activities in which wobbling mass artefact cannot be neglect should not
rely on rigid-segment models.

Another implication of wobbling masses during forward dynamics is the influence of neuromuscular adaptation over the displacement of soft tissue (Cazzola et al., 2014; Liu & Nigg,
2000; Wakeling & Nigg, 2001). Muscle activation has been shown to alter the frequency and
dampening of vibrations induced by impacts in the quadriceps (Wakeling & Nigg, 2001). These
results suggested that another role of muscles is to tune soft-tissue vibrations during
locomotion. The implication of such a suggestion to forward dynamics analysis is that the
neural command estimated from an optimisation approach based on experimental data
tracking (Anderson & Pandy, 2001; Erdemir et al., 2007) may not reflect the neural command
required to tune the wobbling mass motion appropriately. Therefore, wobbling-mass models
and more complex approaches to estimate neural command, that account for the coupling
between the motion of the soft tissues and neuro-muscular control, are required for enhanced
accuracy of forward dynamic analyses of activities involving high accelerations.

It is evident that much research is still required to refine or even justify the modelling
parameters adopted for wobbling-mass models. Currently, the simplest models represent the
wobbling masses as point masses or rigid bodies connected to the skeleton by spring
dampers, with motion constrained to one line of action (Alonso et al., 2007; Challis & Pain,
2008). Still, little evidence is provided to support this or any other assumed motion constraint
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of the wobbling masses. Indeed, the most critical limitation of current wobbling-mass models
is that the modelling parameters need to be optimised to yield a best-fit between the dynamics
of the model and the experimental data, irrespective of whether the resulting soft tissue
displacement was realistic (Alonso et al., 2007; Pain & Challis, 2006.

Studies showed that the ratio of skeletal mass to wobbling mass is the major contributor to
the magnitude of the force peak signal during the impact phase of drop landing (Challis &
Pain, 2008) and running (Liu & Nigg, 2000). These parameters can be obtained from
tomography technology and DXA, as opposed to optimally estimated. Therefore, wider
adoption of medical imaging technologies to estimate segmental IP may contribute to the
development of more accurate wobbling-mass models, ultimately resulting in the broader
implementation of these models for a variety of biomechanical investigations previously
hampered by the use of rigid-segment models.

2.6

Summary

All estimation methods of segmental IP in extant humans reviewed in this chapter faced similar
challenges. The mechanical complexity of the human body for the analyses of human motion
needs to be simplified while not compromising the accuracy of the segmental IP being
estimated. Moreover, the accurate estimation of segmental IP should not be accomplished at
the cost of expediency, as means to avoid unrealistic experimental data collection costs and
timeframes. As noted throughout this chapter, the reviewed estimation methods either
ensured accuracy at the cost of expediency or vice versa.

As an alternative, the operational characteristics of 3D surface scans and DXA suggest these
estimation methods are capable of solving the accuracy-expediency conundrum, especially if
their approaches are combined. 3D scanners assure volume and shape data of high fidelity
and are becoming increasingly popular and affordable as they are rapidly being applied to an
expanding range of distinct applications. DXA accurately outputs mass distribution in the
frontal plane, is technologically simpler than CT and MRI, has multiple applications, and is the
most cost effective and accessible among the available medical imaging technologies.
Furthermore, both 3D surface scans and DXA have limitations that can potentially be

70

Chapter 2: Literature Review

overcome by combining both techniques. Specifically, the inability of DXA to output mass
distribution in 3D can be overcome by redistributing the 2D mass distribution within the
volumetric domain delimited by the 3D surface mesh. Simultaneously, the 3D surface scan
method can adopt the mass distribution data output by DXA rather than relying on the uniform
density assumption. A combination of these two methods has the potential to estimate
segmental IP with both accuracy and expediency.

The accuracy of the estimated segmental IP relies on the ability of the method to replicate the
mass distribution of the segment, which is analytically represented by the centre of mass and
the inertia tensor. Medical imaging technologies are suggested to output segmental mass
distribution with high fidelity, although none of the methods reviewed has reported the
segmental inertia tensor. Indeed, the segmental inertia tensor is most commonly replaced by
the moments of inertia about the anatomical axes, under the assumption that these anatomical
axes are aligned with the principal axes of inertia. The consequence of this assumption
remains unknown, due to (i) the complex relationship between the inertia tensor and the
rotational dynamics of the segment, and (ii) the criterion value commonly output by the
compound pendulum not being sufficiently accurate. A different approach is then required to
validate the inertia tensor estimates, which ultimately assesses the ability of the estimation
method to represent segmental mass distribution. Ideally, the new validation approach should
not simply rely on a more accurate criterion quantity, but also explore the consequences of
errors in the magnitude of principal moments of inertia and orientation of principal axes of
inertia.

Finally, the review of the studies assessing the influence of segmental IP over dynamic
investigations has shed some light on why segmental IP are most commonly predicted from
anthropometry, via either geometric modelling or regression equations. These estimation
methods are shown to warrant sufficient accuracy for inverse dynamic analyses of closedchain movements that show low acceleration of the limbs and large influence of external forces
(e.g., GRF). These characteristics account for the majority of functional gait assessment, one
the most common research topics in biomechanics. However, other types of biomechanical
investigations, particularly the increasingly popular forward dynamic analyses, may be
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hampered if inaccurate segmental IP data is employed. Moreover, dynamic investigations may
also be affected by the segment rigidity assumption, mainly when the displacement of
segmental soft tissue relative to the skeleton (wobbling masses) may render the
experimentally measured external forces (e.g., GRF) and the dynamics of the model mutually
inconsistent. Again, the 3D surface scan and DXA methods emerge as feasible alternatives
to accurately estimate segmental IP for analyses of human motion other than functional gait
through inverse dynamics. These estimation methods can be combined with recent advances
in numerical methods, especially those developed for animation of 3D characters in cinema
and gaming console industries, as means to overcome the largely adopted segment rigidity
assumption. Indeed, these animation techniques can be used to represent the changes in
torso IP as a function of the various poses the segment can attain due to a large number of
degrees of freedom at the spine and shoulder complex. Finally, the possibility of using DXA
to discern segmental mass distribution between rigid and soft tissues may aid the
development of modern biomechanical models that account for the wobbling mass artefact,
increasing the validity of inverse and forward dynamic investigations of human manoeuvres
associated with high accelerations and impulsive loading. Therefore, the use of 3D surface
scan and DXA methods may represent a watershed in the way biomechanists worldwide
account for the segmental IP in their investigations.
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Linking Statement
Before any attempt at validating estimation methods of segmental inertial parameters derived
from dual-energy X-ray absorptiometry (Chapter 4), a new validation technique to assess
inertia tensor estimation was required. As shown in the Literature Review (Chapter 2), inertia
tensors derived using the compound pendulum method are widely adopted as criterion or
'reference' measures by researchers in biomechanics. However, these values are shown to
be highly sensitive to the uncertainties of the experimental variables recorded during the
oscillation procedure, and thus likely to be less accurate than estimations derived using
medical imaging technologies. This chapter outlines an ad-hoc study proposing a new
validation technique for inertia tensor estimates, which consists of projecting a rigid body
airborne with uncontrolled but purposeful rotations. The experimental angular velocity during
the airborne motion is recorded directly (ground truth) and compared against simulations of
the same motion that uses the estimated inertia tensor. This approach also allows the
importance of the orientation of the principal axes of inertia to be assessed.
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3.1

Abstract

The aims of this study were to: (i) establish a new criterion method to validate inertia tensor
estimates by setting the experimental angular velocity data of an airborne objects as ground
truth against simulations run with the estimated tensors, and (ii) test the sensitivity of the
simulations to changes in the inertia tensor components. A rigid steel cylinder was covered
with reflective kinematic markers and projected through a calibrated motion capture volume.
Simulations of the airborne motion were run with two models, using inertia tensor estimated
with geometric formula or the compound pendulum technique. The deviation angles between
experimental (ground truth) and simulated angular velocity vectors and the root mean squared
deviation angle were computed for every simulation. Monte Carlo analyses were performed
to assess the sensitivity of simulations to changes in the magnitude of principal moments of
inertia within ±10% and to changes in orientation of principal axes of inertia within ±10º (of the
geometric-based inertia tensor). Root mean squared deviation angles ranged between 2.9 o
and 4.3o for the inertia tensor estimated geometrically, and between 11.7o and 15.2o for the
compound pendulum values. Errors up to 10% in magnitude of principal moments of inertia
yielded root mean squared deviation angles ranging between 3.2o and 6.6o, and between 5.5o
and 7.9o when lumped with errors of 10o in principal axes of inertia orientation. The proposed
technique can effectively validate inertia tensors from novel estimation methods of body
segment inertial parameter. Principal axes of inertia orientation should not be neglected when
modelling human/animal mechanics.
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3.2

Introduction

The inertia tensor is an inertial property of body segments that mathematically expresses how
mass is distributed about the segment’s reference frame. This 3x3 matrix represents the link
in the cause-effect relationship between torque applied to the segment and its rotational
kinematics. Any inertia tensor has 3 eigenvectors with specific properties: they are orthogonal
and define the only axes about which the torque applied would yield rotation about the axis
alone. These axes are the principal axes of inertia, and their respective moments of inertia are
the principal moments of inertia. Thus, assessment of inertia tensors accuracy is given by
measuring discrepancies in the orientation of principal axes of inertia and magnitude of
principal moments of inertia against some ground-truth value.

The compound pendulum (CP) is currently the gold standard method for validating moments
of inertia and inertia tensor estimates of biological specimens from medical imaging
technologies (Huang and Suarez, 1983; Ackland et al., 1988; Martin et al., 1989; Durkin et al.,
2002). Yet, the CP method relies in the accuracy of several independent variables measured
experimentally (Dowling et al., 2006). With errors of up to 15% reported for moments of inertia
estimations, the application of CP for validation purposes can be questioned (Durkin et al.;
2002, Dowling et al., 2006).

In the field of Biomechanics, it is conventional to estimate the moments of inertia about the
anatomical coordinate system axes instead of the inertia tensor. This is under the assumption
anatomical axes are aligned with the principal axes of inertia of segment, so more simplified
biomechanical models and equations of motion can be employed (Andrews, 1995; Zatsiorsky,
2002). Few studies reported deviation of the principal axes of inertia from the anatomical axes,
which can be as large as 10o for the longitudinal axis (Chandler et al., 1975; McConville et al.,
1980). It remains unclear, however, how these deviations may affect human dynamics
investigations (Zatsiorsky, 2002).

As solution to the abovementioned problems, consider a rigid body with estimated inertia
tensor rotating airborne. Simulations of this motion would only match the experimental
kinematics (ground truth) if the inertia tensor used with the simulation model is accurate.
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Airborne rotations are torque-free, with orientation of the angular velocity vector changing in
time. Differences in orientation between a sampled experimental angular velocity vector and
the corresponding simulated can be measured as deviation angle (DA) between the vectors.
Hence, the smaller the observed DA data, the smaller the errors in magnitude of principal
moments of inertia, orientation of the principal axes of inertia, or a combination of both.

We then set two hypothesis. Firstly, simulations of flying objects with known geometry would
yield significantly larger DA data if run with the inertia tensor estimated with CP instead of
geometric formulae. Secondly, DA data would be sensitive to changes in the inertia tensor
components. Acceptance of the first hypothesis will lead into establishing a new criterion
method to validate inertia tensor by setting the experimental angular velocity data as ground
truth against simulations run with the estimated tensor, whereas acceptance of the second
hypothesis will reveal the relevance of the orientation of the principal axes of inertia to the
accuracy of inertia tensor estimation.

3.3

Methods

A homogeneous steel cylinder (mass = 10.010 ± 0.001 kg) was measured with a high precision
calliper (height = 97.0 ± 0.2 mm, diameter = 129.8 ± 0.3 mm). A local coordinate system (CCS)
was created, with origin at the centre of the cylinder’s volume and defining three planes of
symmetry (one parallel to the cylinder’s base).

The inertia tensor of the cylinder relative to CCS was calculated with the compound pendulum
(CP) technique and also with geometric formulae (GF) using the cylinder’s dimensions and
mass as predictors (Dowling et al., 2006). Both techniques adopted the CCS axes as the
cylinder’s principal axes of inertia, then only the principal moments of inertia about the sagittal
(X), transverse (Y) and longitudinal (Z) axes were estimated. The required experimental trials
for the CP method (Supplementary material) were recorded with the 12-camera Vicon MX
system (Oxford Metrics, Oxford, UK) at 250 Hz.
Four retro-reflective kinematic markers (12 mm diameter) were adhered to the cylinder’s
surface. The cylinder was manually projected in the air to allow for its rotation about an axis
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non-parallel to the CCS axes. All marker positions were recorded throughout the airborne
motion (from the first frame after release till the last frame before hitting the ground) with the
12-camera Vicon MX system (250 Hz).

The marker trajectories were imported into OpenSim (v. 3.3, simt-k.org, Stanford, CA). The
experimental kinematics time history of the motion (i.e., Cartesian position of the model origin,
the Cardan angles of the model coordinate system and their respective derivatives), was
output by the inverse kinematics tool, with an enhanced sampling rate of 1,000 Hz.

The OpenSim Application Programming Interface (API) was run in Matlab (v. 7.8.0, The Math
Works, Natick, Massachusetts) to simulate the cylinder airborne motion (solution through
integration of the Newton-Euler differential equations that define the dynamics of the model),
using one model with CP-based inertia tensor and another model with GF data (Fig. 3.1).
Every sampled data from the experimental kinematics was used as initial states to run the
simulations. To account for the whole flight time, simulations were also run backwards in time,
later inverted and bound to the correspondent simulation forward in time. A total of 873, fullflight simulations were run for each model (total flight time = 0.872 sec).

Figure 3.1: Orientation of three cylinder models at four different sampled instants during the
airborne motion (t0, t1, t2 and t3). The first model was animated with the experimental kinematics
(Exp) run with the Inverse Kinematics tool in OpenSim. With each of the other two models
featuring inertia tensor estimated with Geometric Formulae or the Compound Pendulum
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methods, simulations were run to animate the models (SGF and SCP, respectively) in OpenSim
Application Program Interface (API) run in Matlab. The exemplified simulation was run using the
data sampled at instant t1 from the experimental kinematics as the initial state.

The time histories of the angular velocity vectors of the experimental kinematics and all
simulations were calculated with a custom Matlab function. The function used the time
histories of the Cardan angles output by the inverse kinematics (experimental) and the forward
dynamics (simulations) tools to recover the time history of the model’s rotation matrix. Then,
each pair of consecutive rotation matrices defined an instantaneous axis of rotation, which
expressed the orientation of a sampled angular velocity vector according to the Euler’s rotation
theorem.

The angular velocity data from the experimental kinematics (ground truth) and from a given
simulation were compared by calculating the deviation angle (DA) time history (degrees) and
the Root Mean Squared DA, with custom Matlab functions. Boxplot figures (10th to 90th
percentile) summarised the Root Mean Squared DA of all simulations run with each model.

The sensitivity of DA data to changes in magnitude and orientation of principal moments and
axes of inertia, respectively, were investigated with Monte Carlo probabilistic analyses. For
each analysis, the OpenSim API run in Matlab was used to create a domain of 5,000 inertia
tensors within a range of allowable bounds (from a uniform distribution of pseudorandom
numbers). Twelve ranges of allowable bounds were chosen, yielding twelve analyses: ± 2.5%,
± 5%, ± 7.5% and ± 10% of the values computed with GF for variations in principal moments
of inertia; ± 2.5º, ± 5º, ± 7.5º and ± 10º from the respective CCS axes for variations in
orientation of principal axes of inertia; and the combination of the corresponding ranges for
variations in principal moments and axes of inertia simultaneously. Thus, 5,000 simulations
were run for each analysis from randomly sampled initial state, with boxplot figures (10th to
90th percentile) summarising all computed Root Mean Squared DA (Fig. 3.2).
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Figure 3.2: Flow chart describing all analyses carried out in the present study. The Inverse
Kinematics tool in OpenSim (OS) used the experimental marker trajectories of the cylinder
recorded with Vicon Nexus to output the ground-truth experimental kinematics. The sampled
experimental kinematics were also used as initial states to simulate the cylinder flight in OpenSim
API run in Matlab. To test the first hypothesis, simulations were run using models featuring
principal moments of inertia computed with geometric formulae (GFIX, GFIY and GFIZ) and estimated
with the compound pendulum method (CPIX,

CPI

Y

and

CPI

Z).

To test the second hypothesis,

perturbed models with varying magnitudes in principal moments of inertia (IX, IY and IZ) and
orientation of principal axes of inertia (IX, IY and IZ) were created through Monte Carlo Analysis in
OpenSim Application Program Interface (API), within ranges of allowable bounds. Matlab custom
functions were used to (i) calculate the time history of angular velocity vectors from the groundtruth experimental kinematics and every simulation and (ii) compare the orientations of the
experimental and the simulated angular velocity vectors by measuring the deviation angles and
the root mean squared deviation angle for each simulation.

3.4

Results

Table 3.1 numerically compares the principal moments of inertia estimated with GF and CP.
The Root Mean Squared DA for simulations run with the GF values ranged between 2.9o and
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4.3o (10th to 90th percentile), with median of 3.1o, whereas for CP values the observed range
was between 11.7o and 15.2o, with median of 13.5o.

Root Mean Squared DA distribution gradually increased across percentage of allowable
bounds of principal moments of inertia, reaching between 3.2o and 6.6o (median = 4.4o) at
100% of allowable bound. This increase was more pronounced when combined with variations
in orientation of principal moments and axes of inertia, reaching between 5.5o and 7.9o
(median = 6.4o) at 100% of allowable bound. Variation in just principal axes of inertia
orientation at 100% of allowable bound reached between 3.0o and 4.4o (median = 3.3o).

Table 3.1: Cylinder principal moments of inertia (IX, IY and IZ) computed from the geometric
formulae (GF) and using the compound pendulum technique (CP), with their respective
uncertainties (µ). Errors from the CP method are expressed as percentage of the GF values.

IX (kg·cm2)
IY (kg·cm2)
IZ (kg·cm2)

GF ± µ
183.8 ± 0.6
183.8 ± 0.6
210.8 ± 0.5

CP ± µ
203.3 ± 12.4
155.0 ± 9.0
192.5 ± 34.4

error (% Criteria)
10.56%
-15.66%
-8.66%

Figure 3.3: Subplot A shows boxplot figures summarizing distribution of root mean squared
deviation angles (deg) of flight simulations using principal moments of inertia from the geometric
formulae (GF) and the compound pendulum (CP). Boxplots summarising distribution of root
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mean squared deviation angles from the Monte Carlo analysis are shown in subplot B1, B2 and
B3. Subplot B1 shows results for variations in magnitude of principal moments of inertia within
0%, ± 2.5%, ± 5%, ± 7.5% and ± 10% of the values found with the geometric formula; subplot B 2
shows results for variations in orientation of principal axes of inertia within 0o, ± 2.5 o, ± 5 o, ± 7.5
o

and ± 10o offset from cylinder coordinate system (CCS) axes; subplot B 3 shows results for

combined variations in corresponding allowable bounds for principal moments and axes of
inertia. Whiskers are set to the 10th (lowest) and 90th (highest) percentiles.

3.5

Discussion

Our first hypothesis was confirmed, with results showing simulations run with CP-based inertia
tensor estimates produce significantly larger DA data than the simulations with inertia tensor
estimates derived mathematically from a geometric formula. As the geometric estimates were
computed from a perfectly homogeneous rigid cylinder, the observed DA were likely due to
systematic errors during 3D stereoscopic reconstruction and the inverse kinematic modelling
process. The large DA between GF and CP simulations (Fig 3.3, A) were likely due to
systematic errors in magnitude of the principal moments of inertia, yet these systematic errors
(Table 3.1) were in accordance with values previously reported in the literature (Durkin et al.,
2002). Therefore, inertia tensor estimations can be validated by comparing simulations of an
airborne rigid object against the ground-truth experimental kinematics. This method is an
effective alternative to concurrent validation against CP-based estimations.

The abovementioned results do not suggest we should reject the CP technique to estimate
moments of inertia and inertia tensor of solid objects; they only endorse its rejection as gold
standard for validation purposes (Dowling et al., 2006). According to Dowling et al. (2006), the
moment of inertia of irregularly-shaped, non-homogeneous objects can be accurately
estimated with CP if the distance between the object centre of mass to the swing axis is about
the same length of the object’s radius of gyration. However, research dealing with merging
areal density data from Dual-Energy X-Ray Absorptiometry (DXA) with different volumetric
modelling techniques suggest these new approaches could estimate body segment inertia
tensor more accurately than the CP method (Durkin et al., 2002; Durkin and Dowling, 2006;
Lee et al., 2009; Wicke and Dumas, 2010). Our proposed technique could, for instance,
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determine if a new medical imaging technology better estimates the inertia tensor of a frozen
cadaveric segment than the CP method.

Results from the Monte Carlo analyses demonstrate the importance of accurate orientation of
the principal axes of inertia. In isolation, errors in orientation thereof did not affect the DA data
(Fig. 3.3, B2), because the cylinder had similar mass distribution about the principal axes. In
this situation, the orientation of the principal axes becomes negligible. However, increasing
errors in magnitude of principal moments of inertia yielded larger DA data (Fig. 3.3, B1) and
also introduced differences in mass distribution about the principal axes of inertia. These
differences in mass distribution combined with errors in principal axis orientation made the DA
data increase more exponentially (Fig. 3.3, B3). Therefore, the greater the difference in mass
distribution with respect to the principal axes of inertia, the greater the relevance of the true
orientation of these axes to the accuracy of the inertia tensor. As limb segments have
considerable smaller moment of inertia about the longitudinal axis, errors in orientation of their
principal axis of inertia in the longitudinal direction may have a large impact in the inertia tensor
accuracy, and thus should not be neglected. This may be of particular relevance when
investigating upper limb, overhead throwing tasks (McConnell 2011; 2012).

The meaningfulness of errors in estimated inertia tensors for human dynamic analyses,
nevertheless, depends on the types of motion observed and investigation carried out (Durkin,
2008). Even when these errors are effectually irrelevant, accurate body segment inertial
parameters should not be rejected if they can be easily estimated. Recent advances in medical
image analysis, computer sciences and software engineering will soon allow us estimate body
segment inertial properties accurately, rapidly and at minimum cost with technologies widely
accessible (Durkin et al., 2002; Lee et al., 2009; Wicke and Dumas, 2010; Rossi et al., 2013).
These data can then be used with more accurate computational musculoskeletal models that
are currently available through open-source software platforms (Delp et al., 2007; Reinbolt et
al., 2011), instead of classic, simplified biomechanical models. In this scenario, the alignment
assumption between anatomical and principal axes of inertia may soon be regarded obsolete.
Therefore, body segment inertia tensors must be estimated instead of anatomical moments
of inertia when it is feasible to use medical imaging technologies.
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3.6

Supplementary material: Full description of
compound pendulum procedures

In brief, the compound pendulum method consists of oscillating an object about an axis of
rotation. This experimental condition allows estimation of the moment of inertia about an axis
passing through the centre of mass of the object and parallel to the axis of rotation, using as
predictors; the mass of the object, the distance between the object’s centre of mass and the
axis of rotation, and the period of oscillation (Dowling et al., 2006). When the moments of
inertia about at least six non-parallel axes passing through the object’s centre of mass are
known, it is possible to calculate the inertia tensor of the object. If the inertia tensor of more
complex objects (i.e., irregular shape or varying density across volume) need to be estimated,
it is common for a holder frame to be used, and then the compound pendulum trials are carried
out for the holder with and without the object firmly secured to it (Chandler et al., 1975;
McConville et al., 1980). Therefore, the estimation of the inertia tensor of a complex object
through the compound pendulum technique involves several trials and experimental variables
to be measured and analysed, with the potential for systematic errors to be introduced at each
step.

Another limitation of the compound pendulum method is the assumption that the oscillation is
harmonic (i.e., the torque generated by gravity at the axis of rotation is directly proportional to
the angular displacement). Under this assumption, the period of oscillation is constant
irrespective of the amplitude; yet, in pendulums, this is only valid for amplitudes smaller than
10o. Also under this assumption, friction is required to be negligible; yet, it is always present,
either with the air or at the ball bearings attached to the axis of rotation, and may play a
significant factor as oscillations of less than 10 o have low potential energy stored. Thus, the
harmonic oscillation assumption may be a factor that introduces systematic error into inertia
tensors estimated using the compound pendulum method.

In this paper, we present a new compound pendulum method that accounts for oscillations
with amplitudes greater than 10o and the effects of viscous frictions. All the experimental
variables required for this new method were recorded using a highly accurate, commercial
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motion analysis system. Moreover, this method required less experimental variables to be
measured, minimising the accumulating error in the final inertia tensor estimates. Therefore,
this new method was expected to the principal moments of inertia of a rigid steel cylinder with
high accuracy.

3.6.1 Methods
A rigid rectangular frame (0.6 m x 0.6 m x 0.8 m, 11.221 ± 0.001 kg) referred to as holder
frame, was constructed with a platform to which the rigid steel cylinder was firmly secured.
The holder frame was designed to be suspended from six different positions by a rigid rod
connected to a rigid suspension frame. The rod was connected to the exterior frame by two
ball bearing rings, allowing the holder frame to swing with near frictionless resistance. These
six different positions were chosen to define six non-parallel axes of rotation. A cluster of 8
retro-reflective markers was affixed to the holder frame to create its coordinate system (FCS,
Figure 3.SM1), whereas four retro-reflective markers were affixed to the rigid suspension
frame to create its own coordinate system.

Figure 3.SM1: Holder frame with the retro-reflective markers holding the steel cylinder, the
orientation of the Frame Coordinate System (FCS, black) and the Cylinder Coordinate System
(CCS, grey).
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The cylinder, with four retro-reflective markers attached, was secured to the platform of the
holder frame, ensuring its longitudinal axis was parallel to the Z axis of the holder frame (Fig.
3.SM1). The endpoint of a 6-marker pointer was placed at the centre of each circular base of
the cylinder. These pointer trials were recorded with a 12-camera VICON motion analysis
system (Oxford Metrics, Oxford, UK) at 250 Hz, producing two virtual markers. The middle
distance between these two virtual markers was the location of the cylinder’s centre of mass
(CMC) and origin of the cylinder coordinate system (CCS), defined in the FCS and also in a
technical coordinate system (TCS) created from the markers attached to the cylinder. The
CCS had same orientation of FCS and also defined in TCS.

Oscillation and static trials were recorded with the holder frame suspended by the rod at each
of the six axes of rotation, with and without the cylinder secured. Oscillation trials consisted of
at least ten complete cycles, whereas for the static trials the holder frame was recorded at
equilibrium position for at least three seconds. The trials were recorded with the VICON motion
analysis system sampled at a frequency of 250 Hz.

3.6.2 Data Analysis
For greater clarity in the following procedures, we use the expression compound pendulum to
refer to the holder frame either with or without the cylinder secured. During the oscillation trials,
the rigid suspension frame was set as the parent segment, the holder frame was set as the
child segment, and the joint linking both as a perfect hinge joint (one degree of freedom). For
each oscillation trial, the instantaneous helical axes of the compound pendulum were
calculated. Then, the mean helical axis unit vector (mha) and the mean pivot point (p) were
computed with respect to the FCS to define the position and orientation of the axis of rotation
relative to the holder frame (Stokdijk, Meskers, Veeger, de Boer, & Rozing, 1999; Woltring,
1994).

At the equilibrium position, the centre of mass of the compound pendulum (CM) is contained
in a vertical plane that contains the axis of rotation. Therefore, at this position the CM satisfies
the equation:
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𝒏 ∙ (𝑪𝑴 − 𝒑) = 0

Eq. 3.1

Where n is the resulting cross-product between the vertical coordinate of global (laboratory)
coordinate system and mha. With the frame suspended by six different axes of rotation, the
CM is then the intersection of the six resulting planes, found by solving the resulting
overestimated system of linear equations (errors minimized with least-square approach).
The accuracy of the static trials in calculating the compound pendulum CM with and without
the cylinder (CMF+C and CMF, respectively) was verified when the cylinder CMC was calculated
with the equation:

𝑪𝑴𝐶 = 𝑪𝑴𝐹+𝐶 +

𝑀𝐹
𝑀𝐶

(𝑪𝑴𝐹+𝐶 − 𝑪𝑴𝐹 )

Eq 3.2

The Euclidian Distance between CMC computed with Eq. 3.2 and from the pointer trials was
just 2.0 mm. Also, the verified uncertainties of CMF+C and CMF were 0.1 and 0.2 mm,
respectively, ensuring high accuracy of the measures.

The Modified Compound Pendulum Technique adopted in this study accounted for viscous
friction (as a combination of frictions with the air and at the ball-bearings) and allowed
oscillations with amplitudes greater than 10o. Therefore, for this compound pendulum
technique (i) the angular displacement is a function of time, (ii) the gravitational torque acting
on the pendulum is a nonlinear function of the angular displacement, and (iii) the viscous
friction is a function of the angular speed. From these assumptions, the motion of the
compound pendulum can be described using the following ordinary differential equation:
𝑀𝐿2 𝜃̈ + 𝑏𝜃̇ + 𝑀𝑔𝐿 𝑠𝑖𝑛 𝜃 = 0

Eq. 3.3

Where M is the mass of the compound pendulum, L is the distance between axis of rotation
and the centre of oscillation of the compound pendulum, b is the viscous friction coefficient, g
is the gravitational acceleration (9.795 m/s2), and 𝜃, 𝜃̇, and 𝜃̈ are the angular displacement,
angular velocity and angular acceleration of the compound pendulum, respectively. With M
and g already known, L and b were estimated using a custom Matlab function. For every
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oscillation trial, the Matlab function firstly expressed eq. 3.2 as a set of first order equations
with 𝜃and 𝜃̇ set as state variables. Then a non-linear grey-box model was created using the
angular motion of the markers attached to the frame to fit an optimal solution for the unknown
L and b.
Simulations of the angular displacement 𝜃 of the holder frame using the estimated L and b
values were compared with the corresponding experimental data drawn from the markers
motion. The observed Mean Squared Errors for 𝜃 in each oscillation trial were always < 0.01o,
indicating high accuracy of the measured L and b values.
To determine the uncertainty of L (µL) expected by the output function, ten oscillation trials
were conducted for the holder frame at the first axis without the cylinder. The standard
deviation of the ten L values was adopted as uncertainty for all oscillation trials (µL=0.1mm).

The next step was to calculate the distance (D) between the axis of rotation and the compound
pendulum CM for all trials, given by:

𝐷 = ‖(𝒑 − 𝑪𝑴) − ((𝒑 − 𝑪𝑴) ∙ 𝒎𝒉𝒂)𝒎𝒉𝒂‖

Eq. 3.4

Eq. 3.4 was employed at every sampled data of a given oscillation trial. Thus, the mean
sampled value was adopted as D for the trial, whereas the standard deviation represented the
respective uncertainty (µD). The distance (DC) between the axis of rotation and the cylinder
centre of mass (CMC, previously calculated during the pointer trials) was also calculated as per
above.
The cylinder radius of gyration (kCM) of an axis passing through CMC and parallel to the axis of
rotation was found for each oscillation trial, according to the equation:

𝑘𝐶𝑀 = √𝐿𝐹+𝐶 ∙ 𝐷𝐹+𝐶 +

𝑀𝐹
𝑀𝐶

(𝐿𝐹+𝐶 ∙ 𝐷𝐹+𝐶 − 𝐿𝐹 ∙ 𝐷𝐹 ) − 𝐷𝐶2

Eq. 3.5

Where MF and MC are the masses of the holder frame and the cylinder, respectively; LF+C and
LF are the distance L for the compound pendulum with and without the cylinder secured,
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respectively; and DF+C and DF are the distance D for the compound pendulum with and without
the cylinder secured, respectively.
The uncertainty of kCM is given by the following equation:

𝜇𝑘𝐶𝑀 =
2

2

2

2

2

√( 𝜕𝑘𝐶𝑀 𝜇𝐿 ) + ( 𝜕𝑘𝐶𝑀 𝜇𝐷 ) + (𝜕𝑘𝐶𝑀 𝜇𝐿 ) + (𝜕𝑘𝐶𝑀 𝜇𝐷 ) + ( 𝜕𝑘𝐶𝑀 𝜇𝑟𝑎𝑡𝑖𝑜 ) + (𝜕𝑘𝐶𝑀 𝜇𝐷 )
𝐹+𝐶
𝐹+𝐶
𝐹
𝐹
𝐶
𝜕𝐿𝐹+𝐶

𝜕𝐷𝐹+𝐶

𝜕𝐿𝐹

𝜕𝐷𝐹

𝜕𝑟𝑎𝑡𝑖𝑜

2

𝜕𝐷𝐶

Eq. 3.6

Where 𝜇LF+C , 𝜇LF , 𝜇DF+C

DF+C, DF, DC and the ratio

MF
MC

, 𝜇DF , 𝜇DC and 𝜇𝑟𝑎𝑡𝑖𝑜 are the uncertainties for LF+C, LF,

, respectively; and

∂𝑘CM ∂𝑘CM ∂𝑘CM ∂𝑘CM ∂𝑘CM
∂𝑘CM
,
,
,
,
and
∂LF+C ∂LF ∂DF+C ∂DF ∂DC
∂ratio

are the differential equations to express the cylinder’s radius of gyration as a function of LF+C,
M

LF, DF+C, DF, DC and the ratio MF , respectively.
C

With the orientation of each axis of rotation relative to the CCS also known, the principal
moments of inertia about the sagittal (X), transverse (Y) and longitudinal (Z) axes (CPIX,
and

CPI
Z,

CPI
Y

respectively) were calculated by solving the over-determined linear system of

equations with a least-square solution:

[ 1𝐼𝐶𝑀

2𝐼𝐶𝑀

…

𝑛𝐼𝐶𝑀 ]

𝐶𝑃

= [ 𝐼𝑋

𝐶𝑃

𝐼𝑌

𝐶𝑃

𝑐𝑜𝑠 𝛼12
𝐼𝑍 ] [𝑐𝑜𝑠 𝛽12
𝑐𝑜𝑠 𝛾12

𝑐𝑜𝑠 𝛼22
𝑐𝑜𝑠 𝛽22
𝑐𝑜𝑠 𝛾22

⋯
⋯
⋯

𝑐𝑜𝑠 𝛼𝑛2
𝑐𝑜𝑠 𝛽𝑛2 ]
𝑐𝑜𝑠 𝛾𝑛2

Eq. 3.7

2
Where 𝑛𝐼𝐶𝑀 = 𝑀𝐶 ∙ n𝑘𝐶𝑀
is the cylinder moment of inertia about an axis passing through the

CMC and parallel to the nth axis of rotation (n = 1 – 6), αn, βn, and γn are the angles between the
referred axis of rotation and the X, Y and Z directions of the CCS, respectively.

3.6.3 Discussion
Despite the verified accuracy of the measured variables, systematic errors were observed for
the principal moments of inertia (Table 3.1, manuscript). This is mostly due to the large
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difference in size between the holder frame and the cylinder secured within. As a result of the
size difference, the distances D and L in any compound pendulum trial were about tenfold in
comparison to the length of the respective kCM of the cylinder. Therefore, even very small errors
in estimating D and L would have affected the expected kCM and its respective uncertainty,
according to Eqs. 3.5 and 3.6, respectively. Dowling et al. (2006) showed the distance
between the centre of mass and the axis of rotation has to be about the same length of the
object’s kCM to ensure a moment of inertia estimations of smallest uncertainty possible. Despite
the accuracy of the motion analysis system employed and the variables used in the newly
proposed compound pendulum method, it remains necessary to design holder frames of
approximately the same dimensions of the object secured within, as means to accurately
estimate the inertia tensor of the object.

3.7
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Linking Statement
The following Chapter (Study 2) forms the core developmental work of this thesis. Two new
methods to estimate participant-specific segmental inertial parameters from two-dimensional
mass distribution data output by dual-energy X-ray absorptiometry are described and
validated. The first method (DXA/Vol) uses the two-dimensional mass distribution data to
create a rigid volumetric template of the body under the assumption of uniform density. The
second method (DXA/3D) merges the mass distribution data with a three-dimensional surface
mesh produced by surface scanners to represent the body as an inertial system of particles
rather than a collection of rigid objects.

The novel technique to validate inertia tensor quantities, which was proposed and assessed
in Chapter 3 (Study 1), is used in the present chapter to test the hypothesis that the inertia
tensors estimated with DXA/Vol and DXA/3D will yield smaller deviation angles, and therefore
be more accurate, than inertia tensors derived using the traditional compound pendulum
method. The following investigation sets out to ascertain the accuracy of DXA/Vol and DXA/3D
approaches in predicting segment mass distribution and inertial parameters.
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4.1

Abstract

The aim of this study was to validate two different methods to estimate three-dimensional,
participant-specific inertial parameters of body segments from two-dimensional mass
distribution data from dual-energy X-ray absorptiometry (DXA). The first method assumed
uniform density to create a volumetric template of the body (DXA/Vol) and the second method
merged the mass distribution data with a three-dimensional surface mesh of the body
(DXA/3D). The mass, centre of mass position and inertia tensor of a solid-frozen pig cadaver
estimated with the DXA/Vol and DXA/3D methods were compared against estimations from
standard experimental methods. The accuracy of the inertia tensors derived with DXA/Vol,
DXA/3D and the compound pendulum methods was assessed by (i) projecting the pig cadaver
through a calibrated motion capture volume and recording the ground-truth experimental
kinematics; (ii) simulating the airborne motion in OpenSim using one model for each inertia
tensor data; and (iii) computing the deviation angles and the root mean squared deviation
angles (RMSDA) between the experimental (ground-truth) and the simulated angular velocity
vectors. DXA/Vol and DXA/3D showed mass errors of less than 1% and Euclidian distances
to the criterion centre of mass of 7.0 mm and 6.8 mm, respectively. Simulations performed
with the inertia tensor data output by the compound pendulum showed RMSDA ranging (10th
to 90th percentile) from 7.6o to 16.4o (median = 10.3o), whereas the DXA/Vol and DXA/3D
data showed RMSDA ranging from 6.4o to 13.9o (median = 7.9o) and 6.2o to 13.4o (median =
7.6o), respectively. Both DXA/Vol and DXA/3D methods have the potential to be widely
accessible, rapid and feasible methods to estimate three-dimensional, participant-specific
segmental inertial parameters.
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4.2

Introduction

To model the dynamics of human movement from either an inverse (kinetics are estimated
from kinematic data) or a forward dynamics approach (kinematics are simulated from kinetic
data), the inertial parameters (IP) of body segments (i.e., mass, the centre of mass position
and inertia tensor) are required. However, the estimation of participant-specific segmental IP
is challenging due to the non-uniformity of mass distributions across the segments of the
human body. Each segment comprises several different tissues with different densities and
proportions, which can vary amongst different populations. Mass distribution over a scanning
plane or tissue distribution within the human body can be measured using medical imaging
technologies such as a gamma-ray scanner, computerised tomography (CT) and magnetic
resonance imaging (MRI). Although these technologies can be used to estimate participantspecific segmental IP with high accuracy (Durkin, Dowling, & Andrews, 2002; Huang &
Suarez, 1983; Martin, Mungiole, Marzke, & Longhill, 1989; Zatsiorsky, Seluyanov, &
Chugunova, 1990), they are expensive, not broadly accessible and data reduction techniques
associated with their implementation is time-consuming.

The dual-energy X-ray absorptiometry (DXA) yields accurate body mass distribution in twodimensions (2D). DXA is a less costly and more accessible technology that exposes patients
to lower scan times and doses of radiation relative to similar medical imaging technologies
(Durkin et al., 2002; Lee, Le, Fang, & Koh, 2009; Rossi, 2012; Wicke & Dumas, 2008).
However, mass distribution in three-dimensions (3D) is required to estimate participantspecific body segment IP. Therefore, as means to use the DXA information to estimate
participant-specific IP, some modelling assumption must be adopted to re-distribute the 2D
mass distribution data (i.e., areal density data) into a 3D domain.

To attend to the above mentioned criteria, two novel methods to re-distribute the areal density
data from DXA in 3D are available. The first method, referred to as the DXA/Vol method,
adopts a similar modelling technique to that employed in seminal studies using gamma-ray
scanners (Zatsiorsky & Seluyanov, 1983; Zatsiorsky et al., 1990). This method assumes the
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uniform density of the body under investigation, enabling the creation of a volumetric template
comprising finite rectangular parallelepipedal elements. The IP of all parallelepipeds are
computed geometrically and combined to calculate the IP of the volumetric template. The
second method, referred to as the DXA/3D method, re-distributes the areal density data from
the DXA scan as an inertial system of particles within the volumetric domain delimited by a 3D
object mesh. Theoretically, the DXA/3D should be more accurate than the DXA/Vol method
as it does not rely on the uniform density assumption and uses high-fidelity volumetric and
shape information of the participant.

It is conventional to validate a new estimation method of IP through comparisons against
standard experimental methods, such as a high-precision balance for mass and the compound
pendulum for the centre of mass (Ackland, Henson, & Bailey, 1988; Durkin et al., 2002; Huang
& Suarez, 1983; Martin et al., 1989). The compound pendulum is also a well-established
experimental estimation method for criterion moments of inertia and inertia tensor. However,
the accuracy of data from the compound pendulum is sensitive to the uncertainties of
independent experimental measures that are required through the process (Dowling, Durkin,
& Andrews, 2006; Rossi et al., 2016). As a consequence of these uncertainties, it has been
speculated that moments of inertia and inertia tensors derived from medical imaging
technologies may be more accurate than those obtained using the compound pendulum
method (Dowling et al., 2006; Durkin et al., 2002). As a solution, a new validation technique
for inertia tensor data was proposed (Rossi et al., 2016). This validation technique consists of
(i) projecting a rigid body airborne, with uncontrolled but purposeful rotations, allowing the
angular velocity to be recorded; and (ii) comparing the experimental angular velocity against
simulations of the same motion performed with a model that adopted the estimated inertia
tensor for the rigid body. This new validation technique may be employed to determine
whether the inertia tensors output by medical-imaging-based methods are more accurate than
the commonly-regarded criterion inertia tensor from the compound pendulum.

The aim of this study was to validate DXA/Vol and the DXA/3D approaches as viable
estimation techniques for obtaining participant-specific segmental IP. It was hypothesised that
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the IP derived using standard experimental methods (high precision balance and compound
pendulum) would not be significantly different to those estimated using DXA imaging derived
estimates (DXA/Vol and DXA/3D). We further adopted the new validation technique for inertia
tensor estimation (Rossi et al., 2016) to test the hypothesis that the inertia tensors estimated
using DXA/Vol and DXA/3D methods would better reflect ‘ground-truth’ experimentally
collected data, as reflected by smaller deviation angles, when compared with the inertia tensor
estimated using the compound pendulum method. All hypotheses listed above were
supported, as revealed in the Results section (ahead), indicating that both DXA/Vol and
DXA/3D yielded accurate segmental inertial parameter data while representing a viable
alternative to limitations commonly associated with estimation methods reliant on medical
imaging techniques.

4.3

Methods

4.3.1 Data Collection
The specimen used for these analyses was a solid-frozen pig cadaver, previously euthanised
for a non-related experiment. The pig specimen was chosen due to the anatomical
resemblance between porcine and human specimens (Huang & Suarez, 1983). A cluster of 9
retro-reflective kinematic markers (10 mm diameter) was affixed to the dorsal torso of the
cadaver to establish a technical coordinate system.

The pig cadaver underwent a DXA scan using a Lunar Prodigy densitometer (GE Healthcare,
Buckinghamshire, UK). A six-camera Vicon T40 Motion Analysis System (Oxford Metrics,
Oxford, UK) was used to record the position and orientation of the pig relative to the scanning
table coordinate system, sampled at 100 Hz. A raster stereographic 3D surface scanner
(Artec, TDSL), with a resolution of 1.0 mm and point accuracy of 0.2 mm was used to create
a 3D surface mesh of the pig.

Criterion IP of the pig were estimated using standard experimental approaches (Chandler,
Clauser, McConville, Reynolds, & Young, 1975; Durkin et al., 2002; Martin et al., 1989). To
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obtain the mass, the pig cadaver was rested over a force plate (AMTI, Watertown, MA) for
three seconds. The mean sampled readings (2000 Hz) was divided by local gravity in Perth,
Australia (g = 9.795 m/s2), according to the 1967 Geodetic Reference System Formula
(Mittermayer, 1969):
𝑔 = 9.780327 ∗ (1 + 0.0052792 ∗ 𝑠𝑖𝑛2 (∅) + 0.0000232 ∗ 𝑠𝑖𝑛4 (∅))

Eq. 4.1

Where ϕ = 31.9505o represents the local latitude in Perth.

The centre of mass location and inertia tensor were estimated using the compound pendulum
method as described by Rossi et al. (2016). A holder frame (0.6 m x 0.6 m x 0.8 m) with eight
retro-reflective markers was constructed to secure the pig cadaver firmly (Fig. 4.1A). The
holder frame could oscillate freely at six possible configurations when suspended by a rod
connected to a rigid exterior frame (Figs. 4.1A, 4.1B). At each of the six configurations, first, a
static trial was recorded for 3 seconds as means to estimate the centre of mass position. Then,
an oscillation trial of 10 cycles was recorded as required for the inertia tensor estimation. The
static and oscillation trials were recorded for the holder frame with and without the pig, using
a 24-camera MX/T40 Vicon Motion Analysis System sampled at 240 Hz.

Figure 4.1: The compound pendulum trials. The solid-frozen pig cadaver was firmly secured
within a custom-designed oscillating holder frame (A). The diagram (B) shows the orientation of
six axes about which the frame was allowed to oscillate.
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The new validation technique proposed by Rossi et al. (2016, Chapter 3) was employed to
verify whether the pig inertia tensors estimated using either the DXA/Vol or the DXA/3D were
more accurate than that derived with the compound pendulum. The frozen pig was manually
projected by two operators with uncontrolled but purposeful rotation through the calibrated
volume in the laboratory. The position of the retro-reflective markers on the pig dorsal torso
was tracked using the Vicon system (240 Hz). The flight time during the airborne trial (i.e.,
from the frame of complete clearance from operators’ hands until the frame prior to the
cadaver making contact with the ground) was 0.426 sec.

4.3.2 Data analysis:
Day-pass code access was negotiated between The University of Western Australia by the
General Electric Company Healthcare Division (GEHC), allowing the enCORE® densitometer
software (v. 8.50.093, GE Healthcare, 2004) to output the areal density data. The areal density
data consists of a matrix comprising finite area units (15.4 x 5.1 mm), referred to as mass
elements. Each mass element is registered to a mass value computed from the attenuated
energy of both X-ray beams within its respective area, as they passed along the perpendicular
direction of the scanning surface (Durkin et al., 2002; Lee et al., 2009). Custom Matlab
functions (v. 7.8.0, The Math Works, Inc., Natick, Massachusetts, USA) enhanced the
resolution of the areal density data to mass elements of 2.3 x 2.3 mm (El-Sallam et al., 2013;
Rossi, 2012; Rossi, Benjanuvatra, El-Sallam, Lyttle, & Blanksby, 2013; Rossi et al., 2012).

The DXA/Vol method (Fig. 4.2) was a replication of the gamma-ray scanner modelling
approach employed earlier by Zatsiorsky and colleagues (Zatsiorsky & Seluyanov, 1983;
Zatsiorsky et al., 1990). Similar to these studies, we also assumed uniform pig cadaver density
of 1g/cm3. Figure 4.2 provides a schematic representation of the procedures adopted to create
a finite rectangular parallelepipedal element for each mass element, using the mass value
associated with the element and the assumed uniform density. These parallelepipedal
elements were combined to form a volumetric template of the pig cadaver. The centre of mass
of every parallelepiped coincided with its centre of volume. The moments of inertia were
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computed about six axes passing through the parallelepiped centre of mass: axes 1, 2 and 3
were the principal axes of inertia in the X, Y and Z directions of the scanning table coordinate
system (Fig. 4.2). Axis 4 bisected the X and Y directions; axis 5 bisected the X and Z, and axis
6 bisected the Y and Z directions. Equations 4.2a-c gave their respective moments of inertia:

𝐼𝑃𝑃1 = 𝐼𝑃𝑃2 = 𝐼𝑃𝑃4 = 𝑚𝑃𝑃

𝐼𝑃𝑃3 = 𝑚𝑃𝑃

2
2
(ℎ𝑃𝑃
+𝑤𝐸𝑙
)

12

2
2
(𝑙𝐸𝑙
+𝑤𝐸𝑙
)

𝐼𝑃𝑃5 = 𝐼𝑃𝑃6 =

12

𝐼𝑃𝑃1 +𝐼𝑃𝑃3
2

Eq. 4.2a

Eq. 4.2b

Eq. 4.2c

Where mPP is the mass of the parallelepiped, hPP is the height of the parallelepiped and lEl =
wEl = 2.3 mm are the sides of the mass element (Fig. 4.2).

Figure 4.2: The DXA/Vol method.

111

Chapter 4: Study 2 – Two feasible and accurate methods to estimate participant-specific three
dimensional body segment inertial parameters using areal density data from dual-energy X-ray
absorptiometry.
Finally, the IP of the volumetric template for the pig cadaver, comprising all parallelepipeds,
were computed from the masses, centres of mass and moments of inertia of all
parallelepipeds. The centre of mass of the volumetric template (CMVol) is the mean location of
the centres of mass of all parallelepipeds (CMPP):

𝑪𝑴𝑉𝑜𝑙 =

∑ 𝑚𝐸𝑙 𝑪𝑴𝑃𝑃

Eq. 4.3

∑ 𝑚𝐸𝑙

To compute the inertia tensor of the volumetric template, first the moments of inertia were
calculated with respect to the six axes passing through CMVol at the same orientation as those
chosen for the parallelepipeds, using the parallel axis theorem:
𝐼𝑉𝑜𝑙1 = ∑(𝑚𝐸𝑙 𝐷12 + 𝐼𝑃𝑃1 )

Eq. 4.4a

𝐼𝑉𝑜𝑙2 = ∑(𝑚𝐸𝑙 𝐷22 + 𝐼𝑃𝑃2 )

Eq. 4.4b

𝐼𝑉𝑜𝑙3 = ∑(𝑚𝐸𝑙 𝐷32 + 𝐼𝑃𝑃3 )

Eq. 4.4c

𝐼𝑉𝑜𝑙4 = ∑(𝑚𝐸𝑙 𝐷42 + 𝐼𝑃𝑃4 )

Eq. 4.4d

𝐼𝑉𝑜𝑙5 = ∑(𝑚𝐸𝑙 𝐷52 + 𝐼𝑃𝑃5 )

Eq. 4.4e

𝐼𝑉𝑜𝑙6 = ∑(𝑚𝐸𝑙 𝐷62 + 𝐼𝑃𝑃6 )

Eq. 4.4f

Where D1-6 are the distances between the volumetric template axis and its respective parallel
axis from the parallelepipeds. Finally, the inertia tensor of the volumetric template is given by
Eq. 4.5, and later transformed into the technical coordinate system of the pig cadaver:

𝐼𝑉𝑜𝑙1
[𝐼𝑉𝑜𝑙 ] = 𝐼𝑉𝑜𝑙 −
4
[𝐼𝑉𝑜𝑙5 −

𝐼𝑉𝑜𝑙4 −

(𝐼𝑉𝑜𝑙1 +𝐼𝑉𝑜𝑙2 )
2
(𝐼𝑉𝑜𝑙1 +𝐼𝑉𝑜𝑙3 )
2

(𝐼𝑉𝑜𝑙1 +𝐼𝑉𝑜𝑙2 )
2

𝐼𝑉𝑜𝑙2
𝐼𝑉𝑜𝑙6 −

𝐼𝑉𝑜𝑙5 −
𝐼𝑉𝑜𝑙6 −

(𝐼𝑉𝑜𝑙2 +𝐼𝑉𝑜𝑙3 )
2

(𝐼𝑉𝑜𝑙1 +𝐼𝑉𝑜𝑙3 )
2
(𝐼𝑉𝑜𝑙2 +𝐼𝑉𝑜𝑙3 )

Eq. 4.5

2

𝐼𝑉𝑜𝑙3

]

The DXA/3D method (Fig. 4.3) re-distributed the areal density data from DXA within the
volumetric domain delimited by the 3D mesh of the pig. Thereby, no previous assumption
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regarding the density of the body (whether uniform or non-uniform) was made. The proposed
DXA/3D method differs methodologically from the work of Lee et al. (2009) by creating layers
of internal meshes to the original 3D mesh, so the mass values from the DXA areal density
data could be registered to vertices in the mesh layers. The resulting template is an inertial
system of particles, and their known mass and position in space are used to compute the IP
of the template.

First, a 3D a mesh of the pig cadaver with approximately 800,000 vertices was created with
the Artec Studio software (v. 8.1.1.25, Artec Group Inc.). Processing tools from the Artec
software were employed to rectify the mesh (i.e., fixing holes, deleting extra surfaces and
outliers) and also to minimise the resolution of the mesh via down-sampling techniques to
approximately 80,000 vertices, as means to render the following steps less computationally
intensive.

Three steps were carried out to re-distribute the areal density data from DXA within the 3D
mesh domain (Fig. 4.3). The first step was a global registration algorithm that aligned the
image from the DXA scan with the 3D mesh (El-Sallam et al., 2013). In the second step, the
3D mesh was filled with layers of internal meshes. For this purpose, first, an auto-rigging
process was employed (Baran & Popovic, 2007) that consisted of a constrained 3D
geometrical contraction of the 3D mesh to an embedded, one-dimensional curve skeleton.
Thereby, every vertex from the 3D mesh had a corresponding point located in the curve
skeleton. The position of all vertices from the 3D mesh was recorded in an ix3 matrix (i=
number of vertices), likewise the position of all points in the embedded skeleton. This
facilitated the creation of vertices for internal layers (meshes) according to the equation:
1
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113

Chapter 4: Study 2 – Two feasible and accurate methods to estimate participant-specific three
dimensional body segment inertial parameters using areal density data from dual-energy X-ray
absorptiometry.
Where α={1⁄N,2⁄N,…((N-1))⁄N} is the set weight to create a given layer, and N is the number of
layers chosen. By the end of this process, the combination of all 3D meshes results in a
massless system of particles, with each particle represented by a vertex of a given mesh.

The third and final step was the registration of each mass element to two selected vertices in
each of the mesh layers. These two vertices were (i) the closest possible to a line
perpendicular to the scanning table with origin at the centre of the mass element, and (ii) one
distal and one proximal vertex along the perpendicular line for each layer. Thus, the
registration step consists of equally distributing the mass of a given mass element over the
corresponding pairs of vertices, each of which selected from a given layer. These selected
vertices became particles of known mass and position in space (Fig. 4.3), and when grouped
together resulted in an inertial system of particles. The resulting inertial system of particles
was the template for the pig, whose centre of mass position (CM3D) and inertia tensor ([I3D])
were given by the following equations:

𝐶𝑀3𝐷 =

∑ 𝑚𝑃𝑡𝑐 (𝑥𝑃𝑡𝑐 ,𝑦𝑃𝑡𝑐 ,𝑧𝑃𝑡𝑐 )

Eq. 4.7
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Eq. 4.8

114

Chapter 4: Study 2 – Two feasible and accurate methods to estimate participant-specific three
dimensional body segment inertial parameters using areal density data from dual-energy X-ray
absorptiometry.

Figure 4.3: The DXA/3D method.

Indeed, the total number of layers influences the estimation of the IP, with greater impact over
the principal moments of inertia. Although a larger number of layers technically equates to an
improved accuracy of the IP, it also renders the estimation of IP more computationally intense.
As means to identify an optimal number of layers that minimised computational time without
hampering the accuracy of the estimated IP, the principal moments of inertia estimated from
DXA/3D templates with a varying number of layers, were computed and assessed through
visual inspection (Fig. 4.4). Negligible differences were observed for DXA/3D templates with
more than 30 layers, while 50 layers did not increase computation time; therefore, 50 was
chosen as the optimal layer number.
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Figure 4.4: Visual inspection to determine an optimal number of layers for the DXA/3D method.
The sagittal (IX), longitudinal (IY) and transverse (IZ) principal moments of inertia were estimated
from DXA/3D templates with the number of internal layers varying from 0 to 50.

The IP of the frozen cadaveric pig estimated with DXA/Vol and DXA/3D were compared
against criterion data obtained with standard experimental methods. Mass errors were
expressed as a percentage of the criterion mass given by the force plate trial. The Euclidian
distance (ED) was calculated between the criterion centre of mass given by the compound
pendulum (CMCriterion) and each of the centre of mass positions given by DXA/Vol and DXA/3D:

𝐸𝐷 = |𝑪𝑴𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑜𝑛 − 𝑪𝑴𝐷𝑋𝐴 |

Eq. 4.9

The following steps were undertaken to facilitate the comparison between the (usually
adopted) criterion inertia tensor given by the compound pendulum and those derived from the
DXA/Vol and DXA/3D methods. The principal moments of inertia (eigenvalues of the inertia
tensor) and the orientation of the principal axes of inertia (defined by eigenvectors of the inertia
tensor) were computed for the three estimation methods. The technical coordinate system of
the pig (created with the aid of the markers affixed to the dorsal torso of the pig) was reoriented to match the orientation of the principal axes of inertia from the compound pendulum
method. This new technical coordinate system was used to re-calculate the orientation of the
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principal axes of inertia from the DXA/Vol and DXA/3D methods. Finally, differences in
orientation between a given criterion principal axis of inertia and its respective axes from either
DXA/Vol or DXA/3D were expressed as the angle between the pair of axes. Likewise,
differences between a given criterion principal moment of inertia and its respective value from
either the DXA/Vol or DXA/3D methods were expressed as a percentage of the criterion value.

The final step was to determine whether the inertia tensor estimated with the compound
pendulum, currently adopted as criterion data, is indeed more accurate than estimations from
DXA/Vol and DXA/3D. The accuracy of the pig inertia tensors estimated with the compound
pendulum, DXA/Vol and DXA/3D were assessed using the validation technique proposed by
Rossi et al. (2016, Chapter 3). First, the time history of the experimental angular velocity vector
during the airborne trial of the cadaveric pig was calculated from the recorded motion of the
kinematic markers affixed to the pig cadaver using the Inverse Kinematics tool in OpenSim (v.
3.3, simt-k.org, Stanford, CA). As a customised procedure, this tool also enhanced the
sampled data, originally at 240 Hz, to 1,000 Hz.

The resulting experimental angular velocity data was set as ground truth for comparison
against simulations performed in OpenSim with three pig models, each of which prepared with
the IP derived from the compound pendulum, DXA/Vol and DXA/3D methods (Fig. 4.5).
Specifically, it consisted of assessing the difference in orientation between the experimental
and the simulated sampled angular velocity vectors. This difference is given by the angle
between the pair of respective angular velocity vectors and operationally defined as a
deviation angle (DA, degrees). Thus, the smaller the DA, the greater the accuracy of the inertia
tensor.
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Figure 4.5: Comparison between simulations using the CP, DXA/Vol and DXA/3D models. The
differences in the estimated inertia tensors resulted in different orientations in space between
the three models. These simulations were performed using the same initial conditions tracked
from the experimental kinematics.

The OpenSim Application Programming Interface (API) was invoked in Matlab (v. 7.8.0, The
Math Works, Natick, Massachusetts) to simulate the airborne motion of the pig with each of
the three models. Every sampled data from the experimental kinematics was treated as an
initial state to perform the simulations that accounted for the whole flight time. Therefore, a
total of 427 simulations for each model were performed. The time histories of the angular
velocity vectors of the ground-truth airborne motion and all simulations were calculated using
a custom Matlab function (Rossi et al., 2016, Chapter 3). The DA time history and the root
mean squared deviation angle (RMSDA) for every simulation were computed using custom
Matlab functions. Boxplot figures (10th to 90th percentile) summarised the RMSDA of all
simulations using each model.
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4.4

Results

Table 4.1 presents the comparison between the criterion IP against the values from the
DXA/Vol and the DXA/3D methods. Both DXA/Vol and DXA/3D methods displayed mass
errors of less than 1%. The Euclidian distances to the criterion centre of mass position were
7.0 mm and 6.8 mm for the DXA/Vol and DXA/3D methods, respectively. The sagittal,
longitudinal and transverse principal moments of inertia computed with DXA/Vol were 11.3%,
33.3% and 11.3% smaller than the respective criterion values. Differences in orientation
between the criterion sagittal, longitudinal and transverse principal axes of inertia and the
respective DXA/Vol axes were 15.2o, 9.0o and 17.6o. The DXA/3D method overestimated the
sagittal and transverse principal moments of inertia by 2.1% and 3.1%, respectively, and
underestimated the longitudinal principal moment of inertia by 60%, in comparison to the
respective criterion values. Differences in orientation between the criterion sagittal,
longitudinal and transverse principal axes of inertia and the respective DXA/3D axes of inertia
were 32.1o, 5.8o and 32.6o.

Table 4.1: Summary of the inertial parameters of the pig cadaver estimated with standard experimental
methods (Criteria), the volumetric approach (DXA/Vol) and the merging approach between DXA and 3D
surface scans (DXA/3D).

Mass (kg)
aCM

(m-3)

Criteria

DXA/Vol

DXA/3D

19.42

19.48

19.26

(-3.2, -4.7, -80.3)

(-6.5 -3.6 -74.4)

(-3.2 1.6 -77.1)

bI
X

(kg·m2) c(IX/IX)

0.97 (1)

0.86 (1)

0.99 (1)

bI
Y

(kg·m2) c(IY/IX)

0.15 (0.15)

0.10 (0.12)

0.06 (0.06)

bI
Z

(kg·m2) c(IZ/IX)

0.97 (1.00)

0.86 (1.00)

1.00 (1.01)

bI
X

(α, β, γ) d(deg)

(0, 90, 90)

(15.2, 87.5, 105.0)

(32.1, 86.7, 121.9)

bI
Y

(α, β, γ)

d(deg)

(90, 0, 90)

(90.2, 9.0, 81.0)

(90.2, 5.8, 84.2)

bI
Z

(α, β, γ) d(deg)

(90, 90, 0)

(105.2, 81.4, 162.4)

(122.1, 85.2, 147.4)

a

The centres of mass (CM) and inertia tensors are defined with respect to the technical coordinate system of the pig.

b

The inertia tensor was re-expressed using its principal axes of inertia in the sagittal, longitudinal and transverse
directions (IX, IY and IZ, respectively) and their respective principal moments of inertia (IX, IY and IZ, respectively).
c

The principal moments of inertia were also normalised by that about the sagittal axis (IX/IX, IY/IX and IZ/IX) for simplified
comparisons.
d

The orientation of a given principal axis of inertia with respect to the sagittal (width), longitudinal (length) and
transverse (height) axes of the pig coordinate system are shown by the angles α, β and γ, respectively, in degrees.
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Figure 4.6 shows the results of the accuracy assessment of the inertia tensor estimates using
the compound pendulum, DXA/Vol and DXA/3D methods. The RMSDA between the groundtruth experimental angular velocity and the simulations performed with the compound
pendulum pig model ranged (10th to 90th percentile) between 7.6o and 16.4o (median = 10.3o).
Simulations performed using the DXA/Vol and the DXA/3D model returned RMSDA ranges of
6.4o to 13.9o (median = 7.9o) and 6.2o to 13.4o (median = 7.6o), respectively.

Figure 4.6: Assessment of the airborne simulations performed with the three different models.
These boxplots show the distribution of the root mean squared deviation angles deviation angles
(left, degrees) for the models adopting the inertia tensor estimated with the compound pendulum
(CP), DXA/Vol and DXA/3D methods. Lower whisker length set to the 10th percentile; upper
whisker length set to the 90th percentile.

4.5

Discussion

The aim of the study was to validate two different, newly proposed methods to estimate
participant-specific, 3D body segment IP by leveraging 2D mass distribution data obtained
from widely accessible and feasible 2D imaging technology – the DXA scanner. Despite the
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well-established accuracy of the densitometer for yielding total mass and areal density over
the scanning plane (Durkin et al., 2002; Lee et al., 2009; Wicke & Dumas, 2008), it can be
challenging to model the 2D mass distribution data in the third, missing dimension. An ideal
modelling approach should attempt to minimise the effects of unavoidable modelling
constraints, account for anatomical differences amongst segments, ensure participant
specificity and also enable the IP to be estimated quickly with minimal manual intervention.
Both DXA/Vol and DXA/3D methods accurately estimated total mass, the centre of mass
position, and inertia tensor of the pig cadaver. The results also confirmed the hypothesis that
inertia tensors estimated using DXA/Vol and DXA/3D methods would better reflect ‘groundtruth’ experimentally collected data than the inertia tensor estimated using the compound
pendulum method, which is commonly adopted as criterion. However, future studies that
replicate the validation technique employed (Rossi et al., 2016, Chapter 3) may eventually
report greater accuracy of inertia tensors derived with the compound pendulum. As previously
introduced, the compound pendulum is sensitive to the uncertainties coupled with the required
independent experimental measures, and thus different experimental setups (e.g., design of
the oscillating holder frame) may result in a different ranking of accuracy between the methods
(Rossi et al., 2016; Dowling et al., 2006). Indeed, the present study did not aim to
comprehensively prove the superiority of the DXA/Vol and DXA/3D methods over the
compound pendulum. Instead, these findings resonate with previous research suggesting the
compound pendulum method should be avoided during validation of medical imaging
technology methods employed in the estimation of segmental IP (Rossi et al., 2016; Dowling
et al., 2006). Therefore, both DXA/Vol and DXA/3D approaches are new custom widely
accessible methods that may be used to estimate body segment IP accurately in 3D, at lowlabour and monetary cost, with proven effectiveness.

The magnitude and orientation of the principal moment and axis of inertia in the longitudinal
(i.e., the length of the pig) direction (IY and IY, respectively, Table 4.1) together appeared to
explain why the DXA/Vol and the DXA/3D inertia tensors were more accurate than that of the
compound pendulum. First, as the airborne motion was torque-free, the observed rotation was
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influenced by how proportionally the mass is distributed about the principal axes of inertia.
This proportional mass distribution was easily identified by normalising all principal moments
of inertia by one of the three axes (the sagittal principal moment was chosen in this study,
Table 4.1). The normalised principal moments of inertia about the longitudinal axis (IY/IX, Table
4.1) for DXA/Vol and DXA/3D were approximately 80% and 40% of the corresponding
compound pendulum value, respectively. These normalised values, however, could not
explain the differences in accuracy between the three methods alone, because the ranges of
RMSDA for DXA/Vol and DXA/3D were similar (Fig. 4.6). Therefore, the orientation of the
principal axes of inertia was also likely to have influenced the results. The precise orientation
of the sagittal (i.e., width) and transverse (i.e., the height) principal axes of inertia (IX and IZ,
respectively, Table 4.1) in the transverse plane (XZ) may be irrelevant. This is because
negligible differences between principal moments of inertia about the sagittal and transverse
axes (IX and IZ, respectively, Table 4.1) were observed for all estimation method. Conversely,
the mass of the pig cadaver was more closely distributed around and along the longitudinal
principal axis of inertia (IY). Therefore, the differences in orientation of IY between the
compound pendulum and each of the two DXA methods (9.0 o for DXA/Vol and 5.8o for
DXA/3D, Table 4.1) should not be neglected. It is known that mass distribution profiles with
respect to each principal axis of inertia determine the meaningfulness of accurate orientation
of the principal axes of inertia (Rossi et al., 2016). These findings have important implications
in the field of biomechanics, as the majority of segmental IP estimation methods assume
perfect alignment between segmental principal axes of inertia and the anatomical coordinate
system. This assumption allows the moments of inertia about the anatomical axes to be
surrogates for the inertia tensor, with consequences for dynamic analyses not fully explored
(Zatsiorsky, 2002). It is therefore recommended that participant-specific segmental inertia
tensors be estimated instead of the more common anatomical moments of inertia.

The integration of accurate bi-dimensional mass distribution data from DXA and high-fidelity
shape and volumetric data obtained from the 3D surface scans not only rendered the DXA/3D
as highly accurate but also highlighted its potential as a promising method for obtaining
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segmental IP in future biomechanical research. Beyond the feasibility of obtaining accurate
2D mass distribution data from DXA, 3D surface scans are becoming increasingly popular and
affordable due to a wide range of possible applications such as; metrology, industrial design,
prosthetics and the gaming and entertainment industries amongst others. Moreover, the
DXA/3D method allows the human body to be modelled as an inertial system of particles rather
than a collection of rigid segments. An immediate advantage of this approach is given by the
registration of these inertial particles to a one-dimensional embedded skeleton. By changing
the pose of the embedded skeleton via common animation techniques, these particles may
be re-arranged, and thus the IP become a function of the embedded skeleton pose. This
approach is of particular interest for the torso segment, which despite its multiple degrees of
freedom at the spine and shoulder complex and is often modelled as a single, or a collection
of rigid, segments. Also, human models represented by an inertial system of particles may
improve our understanding of the motion of the soft tissue relative to the skeleton during high
accelerations (i.e., wobbling mass factor) and their impact on ground reaction forces and joint
dynamics (Gruber, Ruder, Denoth, & Schneider, 1998; Pain & Challis, 2006). Subsequently,
DXA/3D provides a participant-specific estimation method of segmental IP with significant
potential for overcoming the limitations associated with modelling segments as rigid bodies.

It should be acknowledged that there were minimal differences in segmental IP estimations of
the DXA/3D and DXA/Vol methods. One plausible explanation for the unexpected similarity is
that the density of the frozen pig cadaver may be nearly uniform and indeed closely reflect the
assumed density of 1g/cm 3. However, another plausible explanation is that the estimation of
each of the DXA/Vol IP is strongly influenced by the mass distribution in the frontal plane (XY)
by DXA (Eqs. 4.2-5), which possibly minimised the artefact as a result of the uniform density
assumption. This reasoning may also explain why the same uniform density of 1g/cm 3 adopted
by seminar studies with gamma-ray scanners assured accurate segmental IP among a
population of young Caucasian males (Zatsiorsky et al., 1990). Nevertheless, the
computational approach developed for the DXA/Vol could be modified in future research to
account for different segmental mean densities or even variation in density profiles within a
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segment, e.g. the torso (Wicke, Dumas, & Costigan, 2008). It may also be possible for
participant-specific density profiles to be calculated as a function of the body composition data
output from DXA, although further research is necessary to test this hypothesis. In its favour,
the DXA/Vol approach only involves one scanning procedure as opposed to the two scans for
the DXA/3D method, thereby minimising the data collection and processing time required. This
advantage is favourable for data collections involving large cohorts, such as studies aiming to
describe the segmental IP of different populations and changes of IP over the lifespan
(Jensen, 1993). It is also a suitable alternative in situations where accurate segmental IP
needs to be promptly estimated such as performance assessments of elite athletes. Hence,
when practicality during data collection is a critical concern, or when a 3D scan is not
accessible, the DXA/Vol approach provides a reasonable alternative to the DXA/3D method.
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Linking Statement
The previous chapter described the new DXA/Vol method of estimating participant-specific
segmental inertial parameters. The validation of this new method showed excellent accuracy
in estimating the inertial properties of a biological, rigid specimen. Thus, the present chapter
aims to demonstrate the application of DXA/Vol to estimate human segmental inertial
parameters. Unfortunately, this demonstration is restricted to the DXA/Vol method, as it was
not possible to complete the modifications required to apply DXA/3D to an articulated
biomechanical model of the human body by the completion of this PhD candidature. The
encountered limitations are addressed in greater detail in Chapter 6.

The application of the DXA/Vol method is demonstrated in this chapter within two contexts.
The first context shows the estimation of segmental inertial parameters from a participant
population with the unique anthropometric characteristic. In this example, the morphological
characteristics of elite athletes are shown to be specific to their respective sport (Olds &
Tomkinson, 2009). Thus, the segmental inertial parameter of these athletes can be
significantly different in comparison to those of the general population, and therefore unlikely
to be accurately predicted from standard regression equations of geometric modelling
methods.

The second context investigates whether the accuracy of segmental inertial parameters is
critical to reducing the dynamic inconsistency between the musculoskeletal model’s global
dynamics and experimentally recorded ground reaction force, which is the building blocks for
forward dynamic analyses. This chapter also investigated whether additional degrees of
freedom to the torso segment likewise reduces the referred dynamic inconsistencies between
the model’s dynamics and the ground reaction forces.
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5.1

Abstract

This study compared participant-specific segment inertial parameters of elite athletes'
estimated using dual-energy X-ray absorptiometry (DXA/Vol) against predictions output by the
OpenSim scaling tool (OSIP). Secondly, we investigated if scaled OpenSim musculoskeletal
models show greater dynamically consistency

with corresponding experimental ground

reaction force data during sidestepping movements when they account for specific DXA/Vol
estimations and additional torso degrees of freedom. Fourteen members (24.7 ± 3.4 years) of
the Australian National Women’s Hockey team underwent a full body DXA scan to estimate
participant specific segmental inertial parameters using the DXA/Vol method. Participants
completed a planned sidestepping protocol while wearing a full-body custom markerset.
Marker trajectory and ground reaction force data were recorded and exported to OpenSim,
where four personalised full-body musculoskeletal models were created to account for varying
definitions of torso degrees of freedom (single torso and multi-segment torso) and segmental
IP estimations (OSIP and DXA/Vol). For each of the four models, the residual forces and
moments were computed as the difference between the internal forces driving the model and
the ground reaction force data. Significant differences between inertial parameters estimated
with DXA/Vol and OSIP methods were observed for all segments. However, neither the use
of DXA/Vol estimations, nor the use of additional degrees of freedom for the torso segment
meaningfully minimised the residual forces and moments of the model. These results suggest
that it is likely factors, other than errors in segment inertial parameters, that render the
musculoskeletal model’s global dynamics and the ground reaction data mutually inconsistent,
although further research is required. Therefore, analyses of sidestepping manoeuvres
through forward dynamics assisted data tracking in OpenSim should be approached with
caution.
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5.2

Introduction

During analyses of complex human motion that require a whole-body biomechanical model, it
is important to assess how well the measured external forces (often the ground reaction force
data from force plates) and the dynamics of the model align. Otherwise, large inconsistencies
between the external forces and the model dynamics will lead to inaccurate net joint forces
and moments computed via inverse dynamics methods, also serving to impede advances in
forward dynamic solutions that are founded upon inverse dynamic derived data (Remy &
Thelen, 2009). The observed dynamic inconsistency can be attributed to several possible
artefacts (Robert, Chèze, Dumas, & Verriest, 2007). Some of these are directly related to the
validity of the model employed, such as the definitions of segmental inertial parameters (mass,
centre of mass position and inertia tensor), of joint parameters (joint centres and axes), and
the rigid segment assumption of the vast majority of biomechanical models. Non-modelling
related artefacts also occur during the recording and processing of kinematic marker and
external force data. Therefore, it is important to quantify the dynamic inconsistency observed
in analyses of complex manoeuvres and reduce the impact of aggregated artefact from such
sources.

A simple procedure to quantify dynamic inconsistency requires the creation of a six degree of
freedom (DoF)(three translational and three rotational) free joint between a given segment
(i.e., pelvis) and the ground. This joint stores the measured differences between the
experimental external forces applied to a model, and the summation of all joint forces and
moments computed via inverse dynamics analyses. The resulting differences, namely residual
forces and moments, are nonphysical compensatory kinetics that work as actuators of the
newly-created 6-DoF joint. This procedure is available for implementation in OpenSim (Delp
et al., 2007) musculoskeletal software, prior to quantifying muscle forces through static
optimisation or, to compute muscle excitations that will drive a musculoskeletal model during
forward dynamics assisted data tracking (Thelen & Anderson, 2006).

However, the reduction of the residual forces and moments computed is a complex problem.
OpenSim offers a tool called Residual Reduction Algorithm (RRA), which fundamentally deals
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with errors in recording and processing of kinematic marker data. In brief, the RRA creates a
simulation that minimises the squared residual forces and moments, the squared joint
moments and the weighted squared differences in joint accelerations with the inverse
kinematic data (Delp et al., 2007; Thelen, Anderson, & Delp, 2003). From a modelling
perspective, the RRA only adjusts the torso centre of mass position and recommends whole
body mass adjustment. Therefore, the ability of the algorithm to reduce the residual forces
and moments is constrained by the validity of the model, i.e., the extent to which the modelling
artefacts lead to dynamic inconsistency. Forceful residual reductions using the RRA function
can lead to differences in joint coordinates between the simulation and the inverse kinematic
solution (Reinbolt, Seth, & Delp, 2011). Therefore, the RRA may not be sufficiently effective
in reducing residual forces and moments if the modelling sources of dynamic inconsistency
are not accounted for or at least minimised prior to forward dynamic analyses in OpenSim.

In the present study, the importance of the model validity is demonstrated during the analyses
of non-contact sidestepping performed by elite athletes. Forward dynamics assisted data
tracking in OpenSim could potentially be used to reveal the most likely muscle activation
strategies to support the knee from externally applied moments (Besier, Lloyd, & Ackland,
2003; Donnelly et al., 2012a; Lloyd, Buchanan, & Besier, 2005). Thereby, directing the
development of more effective training programs which can be developed as a
countermeasure against overloading the anterior cruciate ligament beyond its strain capacity
(Donnelly et al., 2012a).

Inaccurate segmental inertial parameters (IP) across all body segments may result in
increased residual forces and moments. Specifically, elite athletes have morphological
characteristics that are specialised to their discipline and which can deviate substantially from
those of the general population (Olds & Tomkinson, 2009). Due to this specific morphology, it
is unlikely that traditional regression equations can accurately predict the segmental IP of elite
athletes (Rossi, Lyttle, El-Sallam, Benjanuvatra, & Blanksby, 2013). In OpenSim, segmental
IP are predicted when a generic musculoskeletal model is scaled according to the specific
anthropometry of the participants. The resulting quasi-personalised model is then derived
using segmental IP data predicted using the relevant segment’s length (e.g., the distance
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between the hip and knee joint centres define femur length) and whole body mass, a
procedure that may not result in accurate IP estimation when considering the varying
morphologies of elite athletes. Alternatively, the personalised OpenSim model also allows for
the importing of participant-specific segmental IP estimated using customised methods as per
the DXA/Vol approach (Chapter 4). DXA/Vol is a time and cost feasible and accessible
approach that exposes patients to lower scan times and doses of radiation than other medical
imaging technologies. Nevertheless, it is unknown whether the improved accuracy of
segmental IP estimated using direct participant-specific direct estimation methods like the
DXA/Vol, will serve to reduce dynamic inconsistencies reflected by a reduction in residual
forces and moments, during dynamic human motion (e.g. non-contact sidestepping).

Modelling the entire torso and the head as a single rigid segment may also result in increased
residual forces and moments during non-contact sidestepping. This modelling approach does
not incorporate all degrees of freedom (DoF) of the intervertebral joints and the shoulder
complex, constraining the ability to track changes in torso posture during sidestepping and in
the kinematics of the torso centre of mass. Alternatively, a larger number of rigid segments
interconnected through spinal joints may better represent the changes in the torso posture
and centre of mass kinematics, thereby minimising the residual force and moment data.

The primary aim of this study was to determine if biomechanical models accounting for (i)
participant-specific body segment IP (derived using DXA/Vol method) and/or, (ii) additional
torso DoF results in improved dynamic consistency (i.e. reduced residual forces), when
compared with a scaled generic OpenSim whole-body model. It was first hypothesised that
there would be significant differences in segmental IP of elite female field hockey players
derived using the participant-specific DXA/Vol method, when compared with the set of IP data
predicted during the scaling of a generic OpenSim model (OSIP). The second hypothesis
tested was that during the sidestepping assessment, when compared with the generic OSIP
model, there would be a significant reduction in recorded residual forces and moments in
custom models comprising (i) increased torso DoF (multi segment), and (ii) directly estimated
participant-specific segmental IP using the DXA/Vol method. Residual forces and moments
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would further be significantly reduced when models using a combination of (i) and (ii) were
employed.

5.3

Methods

5.3.1 Participants:
Fourteen elite female field hockey players, clear of any lower limb injuries 12 months prior to
the time of data collection, participated in this study (24.7 ± 3.4 years, 170 ± 7 cm, 65.2 ± 7.1
kg). This cohort was chosen due to the great popularity of the sport worldwide (Murtaugh,
2001; Rishiraj, Taunton, & Niven, 2009) and due to its high injury rate. Approximately half of
the acute injuries during hockey game play and practice occur at the lower limb, of which knee
injuries are ranked third most common (Dick, Hootman, Agel, & Vela, 2007; Murtaugh, 2001;
Rishiraj et al., 2009). Also, higher ACL injury rates are observed among female compared with
male counterparts (Arendt, Agel, & Dick, 1999; Gianotti, Marshall, Hume, & Bunt, 2009;
Hewett et al., 2005; Sigward & Powers, 2006), with elite female players at higher risk of injury
than less experienced athletes (Murtaugh, 2001; Sigward & Powers, 2006). All participants
were fully instructed about the tasks to be performed and provided their informed written
consent prior to data collection. This research was approved by the Human Research Ethics
Committee at the University of Western Australia (RA/4/1/5713).

5.3.2 Data collection
DXA Scans
Participants underwent a full body DXA scan with the GE Lunar Prodigy densitometer (GE
Healthcare, Buckinghamshire, UK) while wearing official hockey uniforms. The densitometer
was used to evaluate the areal density of the body, i.e., the mass distribution per area unit
over the scan table (Rossi, Benjanuvatra, El-Sallam, Lyttle, & Blanksby, 2013; Rossi et al.,
2012; Rossi, Lyttle, et al., 2013). Two spherical markers (20 mm diameter) made from glass
marbles were affixed laterally at the rib cage before the scans to aid in the identification of the
xiphoid process and the navel in the DXA image. Participants laid supine on the scan table
with the feet spaced shoulder-width apart, and the forearms and hands assumed a relaxed,
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90° pronated position (palms facing thighs). This position ensured that the anatomical sagittal
planes of the forearms and hands were as parallel as possible to the scan table, and the
participants were encompassed within the 60-cm wide scanning area.

Calibration trials
54 retro-reflective markers were attached to the body of the participants, in accordance with
the UWA customised marker set and model for the lower limbs (Besier, Sturnieks, Alderson,
& Lloyd, 2003), lumbar spine (Crewe, Campbell, Elliott, & Alderson, 2013) and upper limbs
and torso (Lloyd, Alderson, & Elliott, 2000; Reid, Elliott, Alderson, Lloyd, & Elliott, 2010).
Dynamic functional calibration trials for the lower limbs and static calibration trials for the upper
limbs and torso segments were recorded with a 22-camera Vicon MX motion capture system
(Vicon Peak, Oxford Metrics, UK) sampling at 250 Hz. Both dynamic and static calibration
trials were recorded to calculate joint parameters and segments dimensions, as required for
further modelling in the OpenSim framework (Delp et al., 2007).

Dynamic trials
Participants performed a well-established, laboratory-based movement assessment, which
comprised random series of planned and unplanned, straight line run or 45° sidestepping
tasks (Besier, Lloyd, Ackland, & Cochrane, 2001; Dempsey et al., 2007; Donnelly et al.,
2012b). Each participant performed at least three planned sidestepping trials 45° to the left,
from the right stance foot. Trials selected for analysis displayed an approach speed between
4.5 – 5.5 m/s immediately prior to force plate contact and required the entire right foot to be
fully contained within a 1.2 x 1.2 force plate (Advanced Mechanical Technology, Watertown,
USA). These trials were recorded during one testing session, with thirty seconds rest between
trials to minimise fatigue. Marker trajectories were recorded using a 22-camera Vicon MX
motion capture system (250 Hz) with ground reaction force (GRF) data synchronised and
recorded at 2,000 Hz. Marker trajectory and GRF data were low-pass filtered using a zerolag, fourth-order Butterworth filter with cut-off frequency of 14 Hz (Bisseling & Hof, 2006;
Kristianslund, Krosshaug, & van den Bogert, 2012).
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5.3.3 Data Analysis
DXA/Vol estimation method
Segmental IP were computed for all participants using the DXA/Vol method (Chapter 4). In
brief, this method uses the areal density data from DXA and assumes a whole-body uniform
density of ρ=1g/cm 3 (Zatsiorsky, Seluyanov, & Chugunova, 1990) to create a volumetric
template for the entire body (Fig 5.1). The volumetric template comprised a collection of
rectangular parallelepipeds, whose inertial parameters (mass, the centre of mass position and
inertia tensor) were computed geometrically. The segmentation protocol proposed by
Zatsiorsky and Seluyanov (1983) was adopted to dismember the volumetric template into 16
segments: head, thorax, abdomen, pelvis, upper arms, forearms, hands, thighs, legs and feet.
Sectioning planes perpendicular to the scan table were created using a custom Matlab code
(v. 7.8.0, The Math Works, Inc., Natick, Massachusetts, USA). This code read the DXA image
output by the enCORE® densitometer software (v. 8.50.093, GE Healthcare, 2004) to visualise
the body landmarks used to determine the segmental joint centres. The code also computed
the mass, centre of mass position and the inertia tensor of each segment by combining the IP
of all parallelepipeds allocated to each segment (Chapter 4).
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Figure 5.1: Two-dimensional mass distribution profiles of bone minerals (A), soft tissue (B) and
the whole body (C). The resulting DXA/Vol volumetric template after adopting a uniform density
of 1g/cm3 (D).

OpenSim
Four full-body musculoskeletal models were created for each participant in OpenSim (v. 3.3,
simt-k.org, Stanford, CA) to account for the different combinations of torso DoF (single torso
and multi-segment torso), and segmental IP estimations (OSIP and DXA/Vol). All models
were derived from the same initial 18-segment, 39-DoF generic model (Donnelly, Lloyd, Elliott,
& Reinbolt, 2012, Fig 5.2). The hip, lumbosacral and shoulder joints were modelled as a balland-socket joint (3 DoF). The elbow (flexion / extension), forearm rotation (pronation /
supination) and ankle joints were modelled as revolute joints (1 DoF). The wrist joints were
modelled as a universal joint (2 DoF). The knee joint (3 DoF) was modelled as a planar joint
in the flexion/extension axis which allowed the tibia to translate as a function of knee flexion
angle (Delp et al., 1990; Donnelly, Lloyd, Elliott, & Reinbolt, 2012). An additional joint with six
DoF (three translational and three rotational) was modelled between the global coordinate
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system and the pelvis to hold the residual forces and moments. The segmental IP of the
generic model were adapted from a model used in the study by Anderson and Pandy (1999).

To create the first personalised model (single torso, OSIP), the generic model was scaled
using the joint centre data gathered from the participant during the static and dynamic
calibration trials. During this procedure, the OSIP data were predicted using segmental length
and the whole mass of the personalised model. Likewise, the second personalised model
(multi-segment torso, OSIP) was created by scaling the generic model previously modified to
include the thoracolumbar and cervicothoracic joints within the torso segment. Thereby, the
torso now comprised three sub-segments, i.e., abdomen, thorax and head (Fig 5.2). Both the
thoracolumbar and the cervicothoracic joints were modelled as a ball-and-socket joint,
resulting in a model with 20 segments, and 45 DoF. The IP of the torso sub-segments were
adjusted as proportions of the whole torso IP according to De Leva (1996). The last two
personalised models (single torso, DXA/Vol and multi-segment torso, DXA/Vol) were
respective clones of the previously scaled models that replaced the OSIP data by the
estimations from the DXA/Vol method (Chapter 4). A cluster of virtual markers based on UWA
full-body customised marker set was affixed to each of these four personalised models (Besier
et al., 2003; Crewe et al., 2013; Reid et al., 2009).

137

Chapter 5: Study 3 – The influence of inertial parameters on whole-body inverse dynamic analyses
during sidestepping

Figure 5.2: The 45 DoF, 20 segments full-body rigid-linked skeletal model. Two ball-and-socket
joints (3 DoF) were added to the single torso segment of the original 39 DoF, 18 segment model,
at the thoracolumbar and cervicothoracic joints (shaded area).

The inverse kinematics tool in OpenSim was applied to calculate the generalised coordinates
of the skeletal model (joint angles) during the sidestepping trials. Also in OpenSim, the inverse
dynamics tool was used to calculate joint moments for all model DoF and the residual forces
and moments held at the pelvis (Fig 5.3).

138

Chapter 5: Study 3 – The influence of inertial parameters on whole-body inverse dynamic analyses
during sidestepping

Single-segment torso

DXA/Vol
segmental IP

Inverse
Kinematics

Scaling

Personalised
models

Scaling

DXA/Vol
segmental IP

Generic
musculoskeletal model

Generic
musculoskeletal model

Multi-segment torso

Inverse
Dynamics

Inverse
Dynamics

Inverse
Dynamics

DXA/Vol

OSIP

OSIP

DXA/Vol

Residual
Kinetics

Inverse
Dynamics

Figure 5.3: Overview of the experimental procedure to calculate the residual forces and moments
held in the pelvis segment for each of the four musculoskeletal models per participant.

Statistical analysis
Statistical analysis of the segmental IP estimated with the OSIP and DXA/Vol methods were
performed using two-tailed, repeated-measures t-tests in SPSS (v.20; SPSS Inc., Chicago,
IL). The IP variables compared for each segment were the mass (kg), the distance between
the centre of mass and the proximal joint centre normalised by the segment’s length, and the
radii of gyration about each anatomical axis of the segment also normalised by the segment’s
length. Because the normalised centre of mass distance and the three anatomical radii of
gyration are measures of mass distribution for each body segment, a Šidák correction was
applied resulting in α=0.0127 for these four tests per segment, as means to maintain a
constant family-wise error rate of α=0.05. For the mass comparisons, the level of significance
was set at α=0.05.
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The waveforms of the mean residual force and residual moments produced by each
personalised musculoskeletal model were compared using the open-source, one-dimensional
statistical parametric mapping package (SPM1D) in Matlab. The scalar test statistic SPM [F]
was computed at each point in the time series, forming a statistical parametric map. A critical
threshold F* was computed using the random field theory analytical descriptions of smooth
Gaussian field behaviours (Pataky, Vanrenterghem, & Robinson, 2015). The critical threshold
F* was chosen such that identically smooth Gaussian fields would reach in only α% of same,
repeated experiments, and thus trajectories exceeding the threshold would represent null
hypothesis rejection. As means to maintain a constant family-wise error rate of α=0.05, the
Šidák correction was applied to set α=0.0085 (six tests) for the three components of the
residual force and moment referred in the pelvis coordinate system.

5.4

Results

Significant differences (p < 0.05) in mean mass were observed for all segments, except for
the head. The DXA/Vol method yielded significantly greater mass values for the thorax, thigh
and hand segments, and significantly lower mass values for the torso, abdomen, pelvis,
shank, foot, upper arm and forearm segments (Fig. 5.4).

Significant differences (p < 0.0127) in mean centre of mass position were observed for all
segments, except for the pelvis and the abdomen. The DXA/Vol method estimated the centre
of mass positions more proximally for the torso, head, thorax, thigh, upper arm and forearm
segments, and more distally for the shank and hand segments (Fig. 5.4). Only the thorax,
abdomen, thigh and shank segments showed significant differences (p < 0.0127) between
DXA/Vol and OSIP methods for the three radii of gyration, whereas no significant differences
were observed for the forearm radii of gyration (Fig. 5.4).
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Figure 5.4: Comparison between the segmental inertial parameters predicted with the scaling
tool in OpenSim (OSIP) and estimated with the DXA/Vol method. Significant differences (p<0.05)
are indicated by (*)
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The SPM1D analysis found that both main effects of torso DoF and IP reached significance
(p < 0.0085) for all three components of residual force held at the pelvis segment, but no
significant interaction effect was observed. Models utilising a multi-segment torso yielded
greater right oriented transverse force between 17 – 21% stance (p = 0.0029) but greater left
oriented transverse force between 35 – 43% stance (p < 0.001). Multi-segment torso models
also yielded smaller posterior (sagittal force) over 0 – 8% stance (p < 0.001), and smaller distal
(longitudinal force) over 0 – 4% stance (p = 0.0026)(Fig 5.5).

Models with IP estimated using the DXA/Vol method yielded greater right oriented transverse
force between 85 – 100% stance (p < 0.001). One critical zone of significance was observed
in the transverse direction (10 – 23% stance, p < 0.001), within which DXA/Vol models initially
showed smaller left oriented force but later in the stance interval these models showed greater
right oriented force. Another critical zone of significance was observed in the sagittal direction
(11 – 27% stance, p < 0.001) within which DXA/Vol models initially showed greater posterior
force and then smaller anterior force at the end of the referred stance interval.

The SPM1D analysis of the residual moment held at the pelvis segment found that the main
effect of increasing torso DoF failed to reach significance (p < 0.0085) in the posterior/anterior
pelvis tilt moment, whereas the main effect of IP reached significance in all components of the
pelvis residual moment (Fig 5.6). A brief significant interaction effect was observed in the
left/right pelvis list (obliquity) moment (24 – 29% stance, p = 0.0056). Models with multisegment torso yielded greater left list moments over 8 –38% stance (p = 0.0023) and smaller
left rotation moments over 14 – 19% stance (p = 0.005).
The DXA/Vol models yielded smaller posterior tilt moments over 0 – 6% (p = 0.0046), 40 –
50% (p = 0.0011) and 90 – 100% stance (p = 0.0012) but greater posterior tilt moments over
22 – 27% stance (p = 0.0047). The DXA/Vol models also yielded greater right list moment
over 0 – 4% (p = 0.0065), smaller left list moments over 34 – 52% (p < 0.001) and 90 – 100%
(p = 0.0018), and greater left rotation moments over 19 – 24% stance (p = 0.0048).
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Figure 5.5: Group means (SD clouds) of the transverse (panel A), sagittal (panel B) and longitudinal (panel C) components of the residual

force held at the pelvis. First column of each panel compares Single-Torso vs Multi-Segment-Torso for models adopting the generic-scaled

(OSIP, top) and (DXA/Vol, bottom) segmental inertial parameter followed by the ANOVA results for main Torso degrees of freedom (DoF)

effect. Second column of each panel compares OSIP vs DXA/Vol for models that adopted a single torso segment (top) and a multi-segment

torso (bottom), followed by the ANOVA results for main inertial parameter (IP) effect. The last row of each panel shows the interaction effect.
The vertical lines drawn on the top 4 windows show the weight acceptance (WA) at 33% of the stance phase.
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Figure 5.6: Group means (SD clouds) of the transverse (panel A), sagittal (panel B) and longitudinal (panel C) components of the residual

moment held at the pelvis. First column of each panel compares Single-Torso vs Multi-Segment-Torso for models adopting the generic-scaled

(OSIP, top) and (DXA/Vol, bottom) segmental inertial parameter followed by the ANOVA results for main Torso degrees of freedom (DoF)

effect. Second column of each panel compares OSIP vs DXA/Vol for models that adopted a single torso segment (top) and a multi-segment

torso (bottom), followed by the ANOVA results for main inertial parameter (IP) effect. The last row of each panel shows the interaction effect.
The vertical lines drawn on the top 4 windows show the weight acceptance (WA) at 33% of the stance phase.
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5.5

Discussion

The overall aim of the present study was to determine whether models accounting for (i)
participant-specific body segment IP derived using DXA/Vol and/or, (ii) additional torso DoF
resulted in improved dynamic consistency (i.e. reduced residual forces) when compared with
a scaled generic OpenSim whole-body model. The first step towards this aim was to
demonstrate that segmental IP estimated with the DXA/Vol method (Chapter 4) differed from
the OSIP data. Significant differences were observed in 76% (19 out of 25) of the IP of the
torso segment (Fig 5.4). This large number of differences was expected, as the torso is
considered the segment with greatest inter-individual differences (Zatsiorsky, 2002).
Additionally, the limb segments showed significant differences in 21 out of the 26 IP (≈ 80%)
(Fig 5.4). These results support the hypothesis that the unique IP of athletic population cannot
be predicted accurately using standard population anthropometric data. Analyses of sporting
performances at elite level performed in OpenSim should consider importing participantspecific segmental IP estimated using DXA/Vol when greater accuracy is required.

Contrasting results were returned for the second hypothesis; that during a dynamic
sidestepping assessment, there will be significant reductions in pelvis residual forces and
moments in custom models comprising (i) increased torso DoF (multi segment), and (ii)
directly estimated participant-specific segmental IPs using the DXA/Vol method. The adoption
of models utilising a multi-segment torso significantly reduced sagittal and longitudinal residual
forces, but also increased the transverse residual force. DXA/Vol models yielded both
significantly reduced but also significantly increased transverse residual forces across varying
phases of stance, a trend also observed in the sagittal force component. Similar findings were
observed for the residual moments. Significant reduction in the left rotation moment and
increase in left list (obliquity) moment resulted from adopting multi-segment torso models.
DXA/Vol models also reported variable results for moments about each of the transverse and
sagittal components across stance. For all OSIP and DXA/Vol model variations, the
magnitudes of the residual kinetics were small (Figs 5.5 and 5.6). These findings indicate other
sources of modelling and processing errors likely provide a greater contribution to the
increased magnitudes of residual forces and moments that were observed.
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The non-addressed sources of error appear to have a greater influence during the WA phase
of sidestepping (i.e., before or around 33% of the stance). Irrespective of the model used,
peak residual sagittal and longitudinal forces were reached at approximately the end of weight
acceptance, whereas increased residual moments during weight acceptance were evident in
all three components (Figs 5.5 and 5.6). Although zones of significance for main effects of IP
and torso DoF seemed to be more concentrated in during WA for both residual forces and
moments, none of what appeared to minimise the residuals meaningfully. Particular attention
was drawn to the WA phase when attempting to identify possible sources of modelling and
processing errors not previously considered.

One important factor during WA in sidestepping was the presence of a high-frequency peak
in the raw signal of the GRF during the first 50 ms following ground contact. This phenomenon,
referred from now on as impact phase, has been observed in other impact activities such as
running and jumping and has been associated with chronic sports injuries (Bisseling & Hof,
2006; Liu & Nigg, 2000). In fact, injury surveillance research show that ACL injury is more
likely to occur during non-contact manoeuvres immediately following ground contact
(Cochrane, Lloyd, Buttfield, Seward, & McGivern, 2007; Koga et al., 2010; Krosshaug et al.,
2007). Therefore, the modelling and processing errors that are specific to the WA phase may
be intrinsically related to the impact phase and thus may be directly linked to the mechanics
of the ACL injury.

The use of low-pass filtering on the kinematic signal is a well-known source of processing
error during the impact phase (Bisseling & Hof, 2006; Kristianslund, Krosshaug, & van den
Bogert, 2012). In biomechanics, the recorded displacement of the markers attached to the
skin is lumped with high-frequency, low amplitude noise from the motion capture system,
which is amplified during differentiation (i.e., calculation of velocities and accelerations). The
offered solution is the low-pass filtering of this displacement data with a cut-off frequency
smaller than that of noise from the motion capture system. However, peak accelerations of
the segment are observed during the impact, represented by frequencies well above the cutoff frequency of the applied filter (Bisseling & Hof, 2006). Once the filter removes the peak
frequencies, the acceleration of the segment will no longer match the peak GRF during the
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impact phase, thereby giving rise to artefacts in joint moment curves (Bisseling & Hof, 2006;
Kristianslund et al., 2012). A widely adopted solution to this conundrum is the application of
the same cut-off frequency to low-pass filter the GRF data, as means to preserve the
consistency within the equations of motion (Bisseling & Hof, 2006; Kristianslund et al., 2012).
However, in this study, the peak residual moment values were still large during WA (Fig 5.6),
despite using the same low-pass filter for the GRF and marker displacement data (14 Hz).
These results suggested that filtering GRF data with low cut-off frequency was not sufficient
to eliminate the inconsistencies within the equations of motion, warranting further investigation
of other possible artefacts.

Another source of error intrinsically related to the impact phase may be attributed to wobbling
mass artefact (Gruber, Ruder, Denoth, & Schneider, 1998). This artefact is caused by
modelling the segments as rigid, which neglects the complex, damped oscillation of the
segmental soft parts (wobbling masses) with respect to the bony skeleton during impacts in
activities such as running and drop landing (Gittoes, Brewin, & Kerwin, 2006; Gruber et al.,
1998; Liu & Nigg, 2000; Pain & Challis, 2006). This oscillation results in coupling of forces
between the wobbling masses and the skeleton that is not addressed under the segment
rigidity assumption, but are detected in the GRF signal because the force plate data reflects
the global measurement interactions of all tissues of the human body. Indeed, a rigid-segment
model is expected to show a much larger peak in the GRF signal during the impact phase, as
the entire mass of the segment, as opposed to just the skeletal mass, is abruptly decelerated
(Gruber et al., 1998). Thus, this inconsistency between the GRF signal and the dynamics of
the rigid-segment model leads to oscillation of the joint moments that are physiologically
unrealistic. These oscillations, more augmented at proximal joints, occur because the joint
moments are the only free parameter that compensates for the model's inability to account for
wobbling masses (Gruber et al., 1998; Pain & Challis, 2006). Therefore, the wobbling mass
artefact affects the calculation of joint moments irrespective of the quality of the kinematic
data, and should not be neglected in activities that show the characteristic impact peak in the
GRF signal.
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Although no previous study investigated the wobbling mass artefact in sidestepping, the
characteristic high-frequency peak in the raw signal of the GRF was observed during the first
0.2 seconds of the WA phase for all participants in the present study, indicative of artefact
presence. The largest contributor to the residual force vector is the longitudinal component,
which reaches a maximal magnitude before the end of the WA phase (Fig 5.5). As previously
explained, a rigid-segment model would yield a larger peak GRF signal than the real human
body during impact, suggesting that the characteristics of the longitudinal component of the
residual force could also be explained by the mechanical differences between the rigidsegment model and the human body. It is possible that the combination of wobbling mass
artefact and low-pass filtering of the GRF data may have increased the inconsistency between
the GRF data and the model dynamics. A low cut-off frequency applied to the GRF signal
smooths the signal during the impact phase, eliminating the characteristic high-frequency GRF
peak. Conversely, the force plate would yield a higher frequency peak if measuring the GRF
data of a rigid-segment model during the impact phase. Thereby, the low-pass filtered GRF
data would neither appropriately represent the signal output by the human body nor
approximate the signal the rigid model may yield, resulting in a larger dynamic inconsistency.
Further investigation is required to understand the meaningfulness of wobbling mass artefact
and methods in attenuating it during dynamic analyses of human motion.

The joint parameters (i.e., joint centres, axes and allowed range of motion) of the
musculoskeletal model represents a source of modelling error that affects inverse dynamic
investigations to a larger extent than the segmental IP (Langenderfer, Laz, Petrella, &
Rullkoetter, 2008; Myers, Laz, Shelburne, & Davidson, 2015; Reinbolt, Haftka, Chmielewski,
& Fregly, 2007). As the residual forces and moments were calculated using inverse dynamics,
the joint parameters can be regarded as a meaningful modelling source of dynamic
inconsistency across stance. The present study adopted functional methods to obtain
personalised knee and hip joint axes and centres of rotation, which are shown to have
improved reliability (Besier, Sturnieks et al., 2003; Della Croce, Leardini, Chiari, & Cappozzo,
2005). Conversely, joint parameters for the upper body (i.e., torso and upper limbs) were
predicted using anatomical landmark based regression techniques. Although this modelling
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approach showed high within- and between-day repeatability (Reid et al., 2010), assessment
of anatomical landmarks, particularly at the spine and the shoulder regions, is complex and
unreliable. For example, only the glenohumeral joint was modelled for the entire shoulder
complex, neglecting the scapula motion relative to the thorax. Also, the location of the
glenohumeral joint centre is likely a large source of error (Campbell, Lloyd, Alderson, & Elliott,
2009). Therefore, errors in the estimation of joint centres and axes of rotation of the upper
body potentially influenced the pelvic residual forces and moments held at the pelvis, although
it seems reasonable to suggest that this influence was consistent throughout the whole stance
as opposed to the acute impact influence during initial stance observed by the lower body.

The present study has previously acknowledged the absence of spinal joints (i.e., the
assumption that the entire the entire torso is rigid) as a meaningful source of modelling error.
Two new joints were included to separate the torso into three rigid sub-segments, to test the
hypothesis that an increased number of torso DoF could minimise the residual forces and
moments. The main torso DoF effect yielded zones of significance in the lumbar joint moment
curves (see Appendix), although the overall change to the lumbar moments attributed to
increased torso DoF is comparatively small compared with the magnitude of the residual
moments held at the pelvis. It may be argued that, specifically for planned sidestepping, the
range of torso mobility is not sufficiently large enough to affect the residual forces and
moments and thus necessitated the inclusion of increased torso DoF. Other activities may
benefit from the additional torso DoF or even require a larger number of modelled spinal joints
for greater accuracy. However, modelling every vertebra is impractical under the segment
rigidity assumption, as it requires the torso to be partitioned into several thin cross-sections.
A solution to this problem could be the adoption of a different modelling assumption, in which
the torso, rather than comprising several rigid sub-segments, is represented by an inertial
system of particles (Chapter 4). The proposed method, however, still requires the accurate
definition of the torso joint parameters such that the inertial system of particles can be
effectively and appropriately deformed.

The employed methods for processing the kinematic signal may lead to substantial errors that
affect the calculation of joint dynamics during the entire stance phase, and not just during WA.

149

Chapter 5: Study 3 – The influence of inertial parameters on whole-body inverse dynamic analyses
during sidestepping
As previously mentioned, the marker displacement data contains high-frequency, lowamplitude noise signal added by the motion capture system, which was eliminated with a lowpass filter using a cut-off frequency chosen from the residual analysis (Winter, 2009).
However, the kinematic signal remains still affected by the skin displacement artefact, which
is a the large-amplitude, modulated oscillatory motion of the markers about the underlying
bone due to skin and soft tissue displacement (Alonso, Del Castillo, & Pintado, 2007; Leardini,
Chiari, Croce, & Cappozzo, 2005). The global optimisation method (Lu & O’Connor, 1999)
was used to minimise the skin displacement artefact. This method is based on a frame-wise
search of an optimal pose for the musculoskeletal model through minimising the overall
differences between the measured and the model-determined marker coordinates in a leastsquares sense. Thus, the global optimisation method, also referred to as Inverse Kinematics
by OpenSim users (Delp et al., 2007), provides an error compensation mechanism amongst
the body segments linked through joints with well-defined constraints (Leardini et al., 2005; Lu
& O’Connor, 1999). However, if the parameters of certain joints are not adequately defined,
position and orientation of all model segments can be compromised during the global
optimisation. Further, the frame-wise search of an optimal pose of the model generates a highfrequency noise signal in the model kinematics, despite the approach followed the low-pass
filtering of the marker measurement signals. This noise forced us to perform an ad-hoc filtering
of the model’s joint angles, with the same cut-off frequency used for the marker measurement
signal (14 Hz). Although it seems odd to filter kinematic data twice (before and after the global
optimisation), no consensus with regards to filtering guidelines has been recognised in the
literature when using global optimisation. Many alternative strategies warrant investigation,
such as (i) only low-pass filtering the joint kinematics after the global optimization method was
applied to the raw marker-measurement signal, under the assumptions that the method itself
substantially minimises the noise produced by the motion capture system, and consecutive
filtering may lead into amounting distortion of the original signal; (ii) applying cut-off
frequencies that are optimal for each joint (Kristianslund et al., 2012; Van den Bogert & De
Koning, 1996); (iii) assessment of advanced filtering techniques more suitable to nonstationary signals (Alonso et al., 2007; Chiari, Croce, Leardini, & Cappozzo, 2005); or even
(iv) the development of a recursive rather than a frame-wise global optimisation method.
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5.6

Conclusion

Neither participant-specific segmental IP nor increased DoF of the torso segment had a
meaningful impact on the reduction of the residual forces held at the pelvis during planned
sidestepping of elite female hockey players. Other possible artefacts due to the processing of
kinematic data, estimation of joint parameters and the segment rigidity assumption are
suggested to be more meaningful sources of dynamic inconsistency between the model and
the GRF, although these suggestions require further investigation. As a result of the observed
dynamic inconsistency, forward dynamic analyses of sidestepping manoeuvres should be
approached with caution.

5.7

Appendix

The moments about the right (stance) and left (swing) hips, as well as the lumbosacral joint,
were also calculated through inverse dynamics for each of the four musculoskeletal models.
Similarly to the comparisons carried for the residual forces and moments, the waveforms of
these joint moments produced by each model were compared using the open-source, onedimensional statistical parametric mapping package (SPM1D) processed in Matlab. The Šidák
correction was applied to set α=0.0057 (9 tests) for the three components of the right hip, left
hip and lumbosacral joint moments to maintain a constant family-wise error rate of α=0.05.
This additional data analysis were not part of the investigation design to test the second
hypothesis but rather to help understand the observed results and why the hypothesis was
rejected.

The SPM1D analysis of the joint moments acting over the pelvis segment showed that the
main effect of IP is the only that produced significant differences (p < 0.0057) in both right and
left hip (from the stance and swing legs, respectively). For the right hip (Fig 5.A1), DXA/Vol
yielded smaller extension moments over 0 – 14% (p < 0.001) and 37 – 47% stance (p = 0.001)
but greater extension moment over 67 – 85% stance (p < 0.001), smaller abduction moments
over 0 – 3% stance (p = 0.0048) but greater abduction moments over 16 – 27% stance (p <
0.001), and greater internal rotation moments over 50 – 51% (p = 0.0053) and 61 – 70%
stance (p = 0.0013). For the left hip (Fig 5.A2), DXA/Vol yielded smaller flexion moments over
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0 – 23% stance (p < 0.001), greater abduction moments over 23 – 31% stance (p < 0.001) but
smaller abduction moments over 68 – 73% (p = 0.0032) and 83 – 92% stance (p < 0.001),
and smaller internal rotation moments over 80 – 100% stance (p < 0.001). At the lumbo-sacral
joint (Fig 5.A3), significant differences (p < 0.0057) were yielded by the main effect of torso
DoF in the flexion/extension moment and left/right bending moment, with the multi-segment
torso models yielding smaller extension moments over 7 – 9% (p = 0.0051) and 33 – 42%
stance (p < 0.001) and smaller left bending moments over 7 – 22% stance (p < 0.001). The
main effect of IP yielded significant differences in the left/right rotation moment, with the
DXA/Vol models yielding smaller left rotation moment over 0 – 14% stance (p < 0.001) and
smaller right rotation moment over 49 – 100% stance (p < 0.001).
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Figure 5.A1: Group means (SD clouds) of the transverse (panel A), sagittal (panel B) and longitudinal (panel C) components of the right hip

joint moments. First column of each panel compares Single-Torso vs Multi-Segment-Torso for models adopting the generic-scaled (OSIP,

top) and (DXA/Vol, bottom) segmental inertial parameter followed by the ANOVA results for main Torso degrees of freedom (DoF) effect.

Second column of each panel compares OSIP vs DXA/Vol for models that adopted a single torso segment (top) and a multi-segment torso

(bottom), followed by the ANOVA results for main inertial parameter (IP) effect. The last row of each panel shows the interaction effect. The
vertical lines drawn on the top 4 windows show the weight acceptance (WA) at 33% of the stance phase.
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Figure 5.A2: Group means (SD clouds) of the transverse (panel A), sagittal (panel B) and longitudinal (panel C) components of the left hip

joint moments. First column of each panel compares Single-Torso vs Multi-Segment-Torso for models adopting the generic-scaled (OSIP,

top) and (DXA/Vol, bottom) segmental inertial parameter followed by the ANOVA results for main Torso degrees of freedom (DoF) effect.

Second column of each panel compares OSIP vs DXA/Vol for models that adopted a single torso segment (top) and a multi-segment torso

(bottom), followed by the ANOVA results for main inertial parameter (IP) effect. The last row of each panel shows the interaction effect. The
vertical lines drawn on the top 4 windows show the weight acceptance (WA) at 33% of the stance phase.
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Figure 5.A3: Group means (SD clouds) of the transverse (panel A), sagittal (panel B) and longitudinal (panel C) components of the lumbosacral

joint moments. First column of each panel compares Single-Torso vs Multi-Segment-Torso for models adopting the generic-scaled (OSIP,

top) and (DXA/Vol, bottom) segmental inertial parameter followed by the ANOVA results for main Torso degrees of freedom (DoF) effect.

Second column of each panel compares OSIP vs DXA/Vol for models that adopted a single torso segment (top) and a multi-segment torso

(bottom), followed by the ANOVA results for main inertial parameter (IP) effect. The last row of each panel shows the interaction effect. The
vertical lines drawn on the top 4 windows show the weight acceptance (WA) at 33% of the stance phase.
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Chapter 6
SYNTHESIS OF FINDINGS AND
CONCLUSIONS

6.1

Executive Summary

This thesis contains three independent yet thematically linked studies. The aims and
hypotheses initially established for these studies are restated below together with a
summarised finding following each restated hypothesis. The chapter then concludes with a
synthesised

conclusion

along

with

acknowledged

limitations

of

the

work

and

recommendations for future research.

6.1.1 Study 1 – A new validation technique for estimations of body
segment inertia tensors: principal axes of inertia do matter.
Aims
The aims of this study were to:


establish a new technique to validate inertia tensor estimates. This laboratory based
new validation technique consisted of projecting a rigid object through a calibrated
volume with uncontrolled but purposeful rotation. The experimental angular velocity
of the rigid object established ‘ground truth’ data for comparison against simulations
performed using the newly estimated object inertia tensor. Differences in the
orientation of the angular velocity vector between the experimental and simulation
outputs were assessed using the deviation angle;
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test the sensitivity of the simulations, as measured by deviation angles, to changes in
the inertia tensor components by varying the magnitudes of the principal moments of
inertia and the orientations of the principal axes of inertia.

Hypotheses
It was hypothesised that:


airborne projection of an object comprising uniform density and geometric shape will
yield smaller deviation angles when the inertia tensor is computed using geometrical
formula, compared with inertia tensor estimates derived using a compound pendulum
method;

This hypothesis was supported. Root mean squared deviation angles (10th to 90th
percentile) ranged between 2.9o and 4.3o (median = 3.1o) for the inertia tensor estimated
geometrically, and between 11.7o and 15.2o (median = 13.5o) for the compound pendulum
values. The deviation angles associated with the geometric estimation can be
substantially attributed to noise in the kinematic data. The recorded difference between
both ranges of deviation angles is likely due to the systematic errors of the inertia tensor
when estimated using the compound pendulum method.


simulations of the airborne motion will be sensitive to variations in (i) principal
moments of inertia magnitude (within ±10% of the values computed with geometric
formula), (ii) principal axes of inertia orientation (within ±10o of the geometrically
determined baseline), and (iii) a combination of principal moments magnitude and
axes orientation (within ±10% and ±10o respectively, of the geometrically determined
baseline).

This hypothesis was supported. Errors within ±10% in magnitude of principal moments
of inertia yielded root mean squared deviation angles ranging between 3.2o and 6.6o
(median = 4.4o). A combination of principal moments magnitude and axes orientation
(within ±10% and ±10o respectively) yielded root mean squared deviation angles ranging
between 5.5o and 7.9o (median = 6.4o). In isolation, errors in the orientation of the principal
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axes of inertia did not affect the deviation angles results due to the cylinder having similar
mass distribution about its principal axes. Results showed that the greater difference in
mass distribution about the principal axes of inertia, the greater the importance of correct
orientation of these axes to the accuracy of the inertia tensor.

Conclusion
Inertia tensor estimates of a rigid object can be effectively validated using forward dynamic
models by comparing the ground-truth experimental kinematics of an airborne object against
repeated simulation trials using varying inertia tensor estimates. This method is a suitable
approach to employ in future attempts of validating novel estimation methods of body segment
inertial tensors using medical imaging technology. Importantly, the orientation of principal axes
of inertia should not be neglected when objects have large differences in mass distribution
about their principal axes (e.g., upper limb segments).

6.1.2 Study 2 – Two feasible and accurate methods to estimate
participant-specific three-dimensional body segment inertial
parameters from dual-energy X-ray absorptiometry areal
density data
Aim
The aim of this study was to validate two different methods to estimate 3D, participant-specific
IP of body segments, from 2D mass distribution data using DXA imaging. The first method
assumed uniform density to create a volumetric template of the body (DXA/Vol) and the
second method merged the 2D mass distribution data with a 3D surface mesh of the body
(DXA/3D).

Hypotheses
It was hypothesised that:


inertial parameters derived using standard experimental methods (force plate
readings and the compound pendulum) will not be significantly different to those
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estimated using DXA imaging derived estimates (DXA/Vol and DXA/3D) (null
hypothesis form as directionality is unknown),

This hypothesis was supported. Both DXA/Vol and DXA/3D methods displayed mass
errors of less than 1% in comparison with the force plate readings. The Euclidian distances
from the criterion centre of mass were 7.0 mm and 6.8 mm for the DXA/Vol and the
DXA/3D methods, respectively. However, differences in the magnitude of principal
moments of inertia were as large as 33% and 60%, both in the longitudinal direction, for
the DXA/Vol and the DXA/3D, respectively. Both methods returned the largest difference
in orientation of the principal axes of inertia about the transverse axis, at 17.6o for the
DXA/Vol method and 32.6o for the DXA/3D method.


The inertia tensors estimated using DXA/Vol and DXA/3D methods would better
reflect ‘ground-truth’ experimentally collected data, as reflected by smaller deviation
angles, when compared with the inertia tensor estimated using the compound
pendulum method.

This hypothesis was supported. The observed range (10th to 90th percentile) of root mean
squared deviation angles was within 7.6o and 16.4o (median = 10.3o) of the simulation
performed with the inertia tensor estimated using the compound pendulum. Simulations
performed using the DXA/Vol and the DXA/3D models returned root mean squared
deviation angles ranges of 6.4 o to 13.9 o (median = 7.9o) and 6.2 o to 13.4o (median =
7.6o), respectively.

Conclusions
Both DXA/Vol and DXA/3D yielded accurate segmental inertial parameter data while
substantially minimising the impact of; high cost, limited access and labour-intensive data
analysis limitations commonly associated with estimation methods reliant on medical imaging
techniques. DXA/3D appears to be the first method to model segments as an inertial system
of particles rather than a rigid object, laying important groundwork for future research that may
not wish to assume segment rigidity during dynamic activities. The DXA/Vol method can serve
as a feasible alternative to the DXA/3D method, especially when data collection expediency
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is critical or a 3D scanner is not readily available. Finally, the results of the inertia tensor
validation highlight the importance of accurate determination of the orientation of the principal
axes of inertia with respect to the anatomical coordinate system, particularly for limb
segments.

6.1.3 Study 3 – The influence of inertial parameters on whole-body
inverse dynamic analyses during sidestepping
Aim
The primary aim of this study was to determine if models accounting for (i) participant-specific
body segment IP (derived using DXA/Vol) and/or, (ii) additional torso degrees of freedom,
resulted in improved dynamic consistency (i.e. reduced residual forces), when compared with
a scaled generic OpenSim whole-body model.

Hypotheses
It was hypothesised that:


there will be significant differences in segmental IP of elite female field hockey players
derived using the participant-specific DXA/Vol method when compared with IP data
predicted during the scaling of a generic OpenSim model (OSIP),

This hypothesis was supported. Significant differences between estimation methods
were observed in 39 out of 51 inertial parameters compared. A significant difference in at
least one of the inertial parameters was identified across all body segments.


during the sidestepping assessment, when compared with the generic OSIP model,
there will be a significant reduction in pelvis residual forces and moments in custom
models comprising (i) increased torso degrees of freedom (multi segment), and (ii)
directly estimated participant-specific segmental IPs using the DXA/Vol method.
Residual forces and moments will further significantly reduce when models using a
combination of (i) and (ii) are employed.
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This hypothesis was partially supported. The adoption of multi-segment torso models,
irrespective of IP specificity, significantly reduced sagittal and longitudinal residual forces,
yet also increased the transverse residual force. DXA/Vol models comprising direct IP
data also returned significantly reduced and increased transverse residual forces across
different phases of stance, a trend also observed in the sagittal component. Similar to the
residual force results, significant reductions in the left rotation moment and an increase in
the left list (obliquity) moment was observed for both variants of multi-segment torso
models. DXA/Vol models reported near similar moment findings across stance as the
generic OpenSim model. However, the magnitude of the residual kinetics (moments and
forces) were small respect to the absolute magnitude of the residuals observed (Figs 5.5
and 5.6 ). These findings indicate other sources of modelling and processing errors likely
provide a greater contribution to the residual forces and moments that reflect ongoing
dynamic inconsistencies between the kinematics of the model and the experimental
ground reaction forces recorded.

Conclusions
In the group of elite female field hockey players investigated, the validity of the
musculoskeletal models used in the analyses of sidestepping were not meaningfully improved
by; adopting participant-specific segmental inertial parameters derived from the DXA/Vol
method, or by increasing the degrees of freedom of the torso segment (two segment model
as opposed to single segment). Future research should investigate other possible sources of
dynamic inconsistency between the model and the ground reaction forces, such as artefacts
attributable to the processing of kinematic data, the estimation of joint parameters such as
joint centres and axes of rotation, and the segment rigidity assumption. As a consequence of
the ongoing observed dynamic inconsistency between the kinematic model and the ground
reaction forces, the interpretation of outputs from sidestepping analyses in OpenSim should
be approached with caution.
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6.2

Synthesis of findings

The aims of the presented research in its entirety were threefold: to develop, validate and
demonstrate the application of DXA/Vol and DXA/3D, two methods that sought to estimate
participant-specific segmental inertial parameters (IP) with high accuracy and expediency.
Both methods relied upon mass distribution data output by Dual X-ray Absorptiometry scanner
(DXA), a widely accessible, with low purchase, running and collection costs, compared to
other body composition imaging technologies. However, the default configuration outputs of
DXA provides mass distribution data only in 2D. The methods proposed in this thesis outlines
a method in which the 2D DXA data can by artificially re-distributed in 3D and the
corresponding 3D segment IP calculated.

6.2.1 Development
The development and validation of both methods were fully described in Chapter 4 (Study 2).
The first method, namely DXA/Vol, assumed a uniform density of known value to create a
volumetric template of the body. This method only required the mass distribution data to be
collected from a fast (i.e., less than 5 minutes) whole-body DXA scan. The 2D mass
distribution data was exported to custom Matlab code, allowing the operator to visualise the
image of the skeleton and easily identify anatomical landmarks required for segmentation. The
segmentation procedure took no longer than 5 minutes, after which the IP were promptly
estimated using the uniform density values assigned to each segment. The DXA/Vol approach
enabled rapid estimation of segmental IP and can be easily employed in studies involving
large cohorts.

The second method, namely DXA/3D, merged the 2D mass distribution data with a 3D surface
mesh of a solid-frozen porcine specimen. The 3D mesh was created using a portable surface
scanner. The DXA/3D method posed substantial advantages over the DXA/Vol approach. In
contrast to the uniform density assumption of DXA/Vol, DXA/3D used a high-fidelity 3D mesh
to delimit the volume within which the 2D mass data from DXA could be re-distributed.
Secondly, the DXA/3D aimed to create a finite-element model for the human body with
accurate IP, as opposed to models comprising interlinked rigid segments. The DXA/3D
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method accounted for expediency during the required data collection and accurate estimation
of segmental IP, and also provided a framework for studies in which segment rigidity is
regarded as an artefact.

6.2.2 Validation
Due to the limited accuracy of criterion measures derived using the traditional compound
pendulum technique, a new method was developed to assess the validity of the two DXA
estimated inertia tensors (DXA/Vol and DXA/3D). The first study of this thesis (Chapter 3)
outlined this technique, which consisted of recording the torque-free rotation of a rigid object
while airborne. The orientation of the experimental angular velocity vector established ‘ground
truth’ data for comparison against simulations performed using the estimated object inertia
tensor. Differences in the orientation between the experimental and the simulated angular
velocity vectors, i.e., the deviation angle, served to quantify the accuracy of the estimated
inertia tensor. This study showed that the deviation angles are sensitive to variations in
principal moments and axes of inertia within ±10% and ±10 o of baseline values, respectively.
These results confirmed the effectiveness of a new technique that can be used to validate
object inertia tensors.

This validation technique demonstrated that the inertia tensors of a frozen porcine specimen
estimated using the DXA/Vol and DXA/3D methods (Chapter 4) were more accurate than
estimations using a compound pendulum approach. This finding re-confirms that both
DXA/Vol and DXA/3D method could not have been validated adequately using compound
pendulum data as the criterion reference measure, as it is common practice in the field.
Moreover, the new validation technique also revealed the often neglected importance of
accurately estimating the orientation of the principal axes of inertia (as opposed to assuming
perfect alignment with anatomical axes). Results indicated that misalignment of the principal
axes of inertia of the porcine specimen was, at least, as meaningful as the errors in the
magnitude of the principal moments of inertia. Finally, both DXA/Vol and DXA/3D output mass,
and centre of mass position, within error margins of 1% and 7mm, respectively, when
compared with standard criterion measures based on force plate readings and the compound
pendulum approach.
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6.2.3 Application
Only the application of DXA/Vol was demonstrated, as the computer vision requirements
necessary to implement the DXA/3D in humans could not be completed by the conclusion of
the present PhD candidature (the difficulties encountered are outlined later in this chapter).
Consequently, only the application of the DXA/Vol technique was demonstrated in Chapter 5
(Study 3), and this occurred in two contexts: (i) estimation of segmental IP in participants from
a population of specific anthropometric characteristics, and (ii) the relevance of participantspecific segmental IP for reducing the dynamic inconsistency between the musculoskeletal
model’s global dynamics and experimentally recorded ground reaction force.

Differences between segmental IP estimated using DXA/Vol and indirectly predicted by
scaling a generic musculoskeletal model in OpenSim were assessed in elite female field
hockey players. Elite athletes have optimised morphological characteristics for the sport in
which they participate, often significantly different in comparison to the morphology of the
general population (Olds & Tomkinson, 2009). Therefore, standard regression equations
derived from a general population, such as those used by the OpenSim scaling tool, are
unlikely to predict segmental IP of elite athletes with high accuracy. The observed results
supported the findings from previous studies evaluating segment IP of elite athletes, which
recommended avoiding estimation methods that rely on anthropometry for IP prediction (Chiu
& Salem, 2005; Rossi, Lyttle, El-Sallam, Benjanuvatra, & Blanksby, 2013; Arena et al., 2016).

Following from the findings described above, it was investigated if generic-scaled OpenSim
models that imported segmental IP estimated with DXA/Vol would reduce residual forces and
moments held at the pelvis during analyses of sidestepping manoeuvres performed by the
female hockey players. The study also investigated if increasing the degrees of freedom (DoF)
of a standard single segment torso, as means to better replicate trunk motion, would likewise
reduce the residual forces and moments. Contrasting results showed that the use of
segmental IP from DXA/Vol and additional DoF for the torso segment could either increase or
reduce the residual forces and moments at different intervals during the stance phase of
sidestepping. Nevertheless, the magnitude of these reductions or increases were small with
reference to the overall residuals measured. These findings suggest that other sources of
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dynamic inconsistency; such as the processing of kinematic data and inaccurate joint
parameters (i.e., joint axes, joint centres and the allowable range of motion) may significantly
influence the residual kinetic data and warrant closer attention when performing forward
dynamic analyses of sidestepping manoeuvres.

Despite these findings, the influence of both; accurate segmental IP data and the limitation of
the segment rigidity assumption remains far from trivial when interpreting sidestepping
analyses outputs. The results of the present research suggest that the motion of soft tissue
relative to the skeleton, which is neglected by the segment rigidity assumption (namely
wobbling mass artefact), may also have resulted in increased residual forces and moments
during the weight acceptance phase of sidestepping. Future studies may seek to further
examine the utility of DXA techniques in separating the mass distribution of bone mineral from
soft tissue components. Both DXA/Vol and DXA/3D approaches could be modified to estimate
IP of segmental soft and rigid tissues and thus aid in the development of biomechanical
models more appropriate for dynamic investigations in which wobbling mass artefact is high.

6.3

Limitations and Delimitations

Some procedures adopted within each study were required to be delimited to constrain the
scope of the research question. These delimitations, as well as other aspects that were difficult
to control, may have limited the generality of research findings. These limitations and
delimitations are now addressed.

6.3.1 Access to the mass distribution data from DXA
The single major limitation was the requirement of a license code from the manufacturer GE
Healthcare to access the raw mass distribution data from each DXA scan. The densitometer's
commercial software (enCORE® 2004, version 8.50.093, GE Healthcare) did not output the
mass distribution unless the access code was entered. Although this code had been
previously obtained for by our research group (Rossi, Benjanuvatra, El-Sallam, Lyttle, &
Blanksby, 2013; Rossi et al., 2012; Rossi, Lyttle, et al., 2013), generic access by any
worldwide user to the mass distribution data is a desired outcome of the present research.
Indeed, we are optimistic that the findings from the present study will persuade commercial
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DXA manufacturers to output mass distribution data for the purpose of biomechanical
research as a standard output option.

6.3.2 Limitations of the DXA/Vol method
The proposed DXA/Vol method assumed the density of the segment (or a portion thereof) was
uniform and known. This assumption produced acknowledged artefact; however, the custom
Matlab code developed in the present research allows for future expansion such that custom
modifications can be easily implemented. For example, as previous research has proposed
for the torso (Pearsall et al., 1996; Wei & Jensen, 1995; Wicke & Dumas, 2010) the code can
incorporate varying density profiles as a function of its position along the segmental
longitudinal axis. It may also be possible to calculate personalised, non-uniform density
profiles for each segment as a function of the body composition data DXA outputs. Such future
improvements and amendments to the DXA/Vol tool set (workflow) will serve to minimise the
error associated with the uniform density assumption.

The volumetric template created within the DXA/Vol approach also assumed segment rigidity.
This assumption is critical when undertaking dynamic analyses wherein the wobbling mass
artefact should not be regarded as negligible (Alonso, Del Castillo, & Pintado, 2007). Further
improvements are necessary to; effectively use the mass distribution data from DXA to
separate the inertial properties of the soft and rigid tissues comprising the segment, and to
modulate the movement of these tissues during high impact activities. Therefore, the use of
DXA/Vol in its original design may be better restricted to analyses of activities in which the
wobbling mass artefact is regarded as negligible.

6.3.3 Limitations of the DXA/3D method
Further development is still necessary to demonstrate the application of the DXA/3D method
in analyses of human activities. As discussed in Chapter Four (Study 2), the DXA/3D template
was intentionally developed as an inertial system of particles that could be re-arranged as a
function of the changes to the pose of an embedded, one-dimensional curve skeleton. This
embedded skeleton comprises segments analogous to the bones of the human body,
interconnected by joints with defined DoF. A rigging process registers every mass particle to
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a point located in the embedded skeleton, thereby changes to its pose driven by the kinematics
of the human body lead to the animation of the DXA/3D template.

The position of the joints of the one-dimensional embedded curve skeleton should accurately
reflect the position of the true anatomical joint centres. Currently, the embedded skeleton is
created through an auto-rigging process that geometrically contracts the 3D mesh to the level
of a generic one-dimensional curve skeleton (El-Sallam et al., 2013; Rossi et al., 2012). The
generic embedded skeleton was originally designed to be used with a variety of 3D meshes
(Baran & Popovic, 2007), and thus the referred joint centres will not replicate the position of
the anatomical analogues. Consequently, any offset in joint centre position could hinder the
estimation of the segmental IP as initially proposed in the DXA/3D method. As means to
ensure appropriate correspondence between the anatomical and the embedded-skeleton joint
centres, it was necessary to locate the position of the anatomical joint centres within the outer
3D mesh of the participant. To this end, participants were scanned following mark up using
UWA customised marker set that facilitated a custom Matlab function in reconstructing the
anatomical joint centres within the 3D mesh. However, the 3D surface scanner could not
reconstruct the spherical shape of the markers due to the retro-reflective tape inhibiting the
appropriate functioning of the scanner. The resulting irregular spheres were unable to be auto
recognised by a custom Matlab function. One possible solution was the manual registration of
the marker position in the mesh, but this process was deemed overly onerous and impractical.
One appropriate solution is the development of markerless algorithms that identify key
anatomical landmarks used to compute the joint parameters. Although the feasibility of this
solution is demonstrated by similar works previously carried out (Lu & Wang, 2008), obstacles
encountered throughout this PhD candidature hindered the development of these essential
algorithms.

The next step would be the creation of the embedded skeleton with anatomically correct joint
centres. This step could either change the rigging algorithm to constrain the contraction of the
3D mesh to a one-dimensional embedded skeleton that accounted for the anatomical joint
centres, or create an ad-hoc algorithm that forcefully changes the position of the generic joint
centres to the anatomical position. Irrespective of the adopted option, the inertial particles
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would be connected to the anatomically correct embedded skeleton using the linear blend
skinning (Baran & Popovic, 2007). This technique would address weights to all inertial
particles, determining how much the position of each particle would be affected by the
changes in the pose of the embedded skeleton. The inertial particles more heavily weighted
for a given bone would comprise the local system of particles for the respective segment,
which is used to calculate its IP. Therefore, the linear blending skinning could allow estimation
of segmental IP without the adoption of a segmentation protocol, for each discrete pose of the
participant in the kinematic time series. The resulting segmental IP data could finally be used
as input into the musculoskeletal model, using the OpenSim Application Programming
Interface (API) processed in Matlab. Although the development and assessment of all
algorithms and Matlab codes required could not be completed within the candidature
timeframe, the theoretical background presented serves as an important groundwork for
follow-up studies.

6.3.4 Limitations during the validation of the inertia tensors
estimated with DXA/Vol and DXA/3D
Despite the previously described advantages, the technique proposed in Chapter 3 (Study 1)
to validate the inertia tensor estimations requires the specimen projected airborne to be rigid.
This requirement is attributed to the mass distribution of the biological specimen during the
data collection with the DXA and 3D surface scanners that cannot change when the specimen
is projected airborne, and thus it represents the first limitation with the proposed validation
technique. The assessed biological specimen was previously frozen solid to ensure rigidity
during the entailed data collection. Unfortunately, this procedure affected the retro-reflective
luminosity of the markers affixed to the specimen. A thin layer of humidity that condensed from
the air quickly formed on the surface of the retro-reflective markers prior to airborne projection,
causing some markers to flicker or even disappear during their capture and reconstruction of
the motion analysis system. The addition of redundant markers to the specimen (9 in total)
and the use of splines to fill the gaps in the time history of the affected markers helped to
resolve this issue.
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The most important limitation of the new validation technique is the sensitivity of the result to
the magnitude of the angular velocity during airborne motion. Specifically, when the object in
the air rotates slowly, the calculation of the experimental angular velocity vector data and the
associated deviation angle data from the derived simulations, can be significantly affected by
noise in the kinematic data. In the present study, this noise was mainly introduced when the
inverse kinematics tool was applied. As described previously, the inverse kinematics tool
carries a frame-wise search of an optimal pose for the specimen model via minimising the
overall differences between the measured and the model-determined marker coordinates in a
least-squares sense. This frame-wise search can result in high-frequency signal noise in the
model kinematics, irrespective of any previous low-pass filtering of the marker trajectories, as
discussed in Chapter 5. It is also likely that the errors in marker reconstruction due to the
formation of humidity over the retro-reflective tape, and the procedures to manage these
errors, acted to augment signal noise during inverse kinematic modelling. Irrespective of the
cause of the amplification, the noise in the kinematic signal affects to some extent, the
calculation of the discrete rotation matrices in the time history of the airborne motion. Each
pair of consecutive rotation matrices defines an instantaneous axis of rotation, which
expresses the orientation of a sampled angular velocity vector according to Euler’s rotation
theorem. A small angular velocity during the flight means small differences between
consecutive rotation matrices, and therefore the kinematic noise has a greater impact on the
computed instantaneous axis of rotation and the resulting orientation of the angular velocity
vector. For instance, the absolute value of the angular speed of the cylinder while airborne
(Chapter 3) was approximately 21 rad/s (equivalent to 3.4 rev/s), whereas the angular speed
of the pig specimen (Chapter 4) was approximately 8.2 rad/s (equivalent to 1.3 rev/s). The
observed range of root mean squared deviation angles (10th to 90th percentile) for the cylinder
was approximately 3o (between 12o and 15o), whereas for the pig specimen the range was
approximately 8o (between 6o and 14o). The faster rotation of the airborne cylinder rendered
the calculation of the orientation of the angular velocity vectors less affected by noise; thereby,
the range of root mean squared deviation angle was smaller in comparison to that observed
for the pig specimen. It is then recommended that researchers looking to replicate this work
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should project the specimen airborne with greater angular velocity to minimise errors in the
computed deviation angles and therefore validate the inertia tensor more effectively.

6.3.5 Limitations of using DXA/Vol during the dynamic analysis
Although the accuracy of DXA/Vol was verified by estimating the IP of a biological specimen
resembling the properties of the human body (Chapter 4), some limitations were also
encountered when the method was applied for estimating segmental IP in humans (Chapter
5). First, it was assumed that the longitudinal axes of all segments were parallel to the DXA
scanning table. This assumption is controversial within the context of the present research, as
the results from Chapter 3 and Chapter 4 expound the importance of accurately computing
the orientation of the longitudinal principal axis of inertia. The results presented in Chapter 5
suggest that it is reasonable to neglect the correct orientation of the principal axes of inertia in
an exceptional way for non-contact sidestepping. However, other activities that require
accurate orientation of segmental principal axes of inertia cannot assume the DXA scanning
table and the segmental long axis are parallel. Indeed, for these activities, the anatomical
coordinate systems of the segments and the DXA scanning plane should be referenced to a
common global coordinate system. Some possible alternatives to reconstructing the required
anatomical landmarks with respect to the global coordinate system include; scanning the
participant while wearing a technical cluster of markers, the use of a digitising pointer wand or
even a 3D surface scan while the participant rests in position for the DXA table.

A further limitation of the DXA/Vol approach when applied to human participants was the
assumption of 1g/cm 3 uniform density. This value was partially supported by the accurate
results observed in the IP validation of the porcine specimen that is deemed to anatomically
resemble human tissue (Rodrigue & Gagnon, 1983). Further, DXA/Vol essentially replicated
the approach of by Zatsiorsky and colleagues (Zatsiorsky & Seluyanov, 1983, 1985;
Zatsiorsky, Seluyanov, & Chugunova, 1990) in which research involving the gamma-ray
scanner also assumed a uniform density of 1g/cm 3 across the whole body. Again, the results
presented in Chapter 5 suggest that the effects of this artefact were negligible during
sidestepping, but this cannot be generally applied to other dynamic activities. It is likely that
other dynamic activity investigations may significantly benefit from modifications to DXA/Vol
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method that allows each segment to adopt a unique density profile along its longitudinal axis.
These density profiles may be developed in the future studies that seek to utilise direct body
composition values from DXA in the DXA/Vol algorithm.

Finally, the DXA/Vol approach still assumes segment rigidity in the process of calculating
segmental IP. The clear limitation arising from this assumption is that different segmentation
protocols will result in variable results. Subsequently, differences in segmentation protocols in
the DXA/Vol and OSIP methods may have hindered any direct comparison between the
estimated segmental IP despite attempts at standardisation where possible. Both
segmentation protocols used the same anatomical landmarks for limb segments, with some
minimal differences in orientation of the sectioning planes at the hips and shoulders and height
of the sectioning plane separating the pelvis from the torso (Anderson & Pandy, 1999;
McConville, Churchill, Kaleps, Clauser, & Cuzzi, 1980; Zatsiorsky & Seluyanov, 1983). It could
be argued that the differences in segmental IP estimated with DXA/Vol and OSIP techniques
are likely not influenced by the segmentation protocols adopted. A further limitation of the rigid
segment assumption is its restriction to dynamical biomechanical analyses in which wobbling
mass artefact is considered to have negligible impact. However, results highlighted in Chapter
5 indicated that the wobbling mass artefact could be one of the main factors increasing the
magnitude of residual forces and moments during the weight acceptance phase in
sidestepping. It is therefore imperative that wobbling mass artefact during sidestepping
manoeuvres be further investigated.

6.3.6 Delimitations imposed to the dynamic analysis
The effect of providing participant-specific segmental IP and adding DoF to the single rigid
torso segment (i.e. to create three torso sub-segments) provided no meaningful improvement
to the dynamic consistency of the models investigated (Study 3), reflecting the delimitations
imposed upon the research design in that chapter. The first delimitation was the assessment
of only non-contact sidestepping manoeuvres. Although all segments were taken into account
to compute the residual forces and moments through inverse dynamics analysis, this type of
manoeuvre did not yield resultant forces and moments at the segment level that was
sufficiently large to contribute to change meaningfully. Other types of motions with greater
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acceleration of the accounted limbs (e.g., diving, artistic gymnastic and skiing) may yield
different results and thus benefit considerably from increasing the accuracy of segmental IP
data or the DoF of the torso as investigated here.

A further delimitation was the addition of only two extra joints to the spine as means to account
for the mobility of the torso during the sidestepping task. As highlighted in Chapter 5, the main
torso DoF effect yielded zones of significant differences in the lumbar joint moment curves
and the residual force and moment curves. However, this result only appeared to have a
meaningful influence in the lumbar joint moment data, likely due to the fact that the relative
changes in the lumbar moments were small in comparison to the magnitude of the residual
moments held at the pelvis. It is plausible that the range of torso motion elicited during
sidestepping was not sufficient to affect the residual forces and moments. While no results
were observed in the present study, other research may still benefit from modelling the torso
segment with increased DoF, especially in activities where the torso displays increased
mobility. This may not be solely restricted to sporting manoeuvres but may also include
analysis of daily functional tasks in individuals afflicted by specific spine pathologies.

Finally, although the possible relevance of participant-specific segmental IP for forward
dynamic analyses was addressed by calculating the residual forces and moments held at the
pelvis, no prediction of muscle forces followed. Previous research has shown that muscle
force predictions through forward dynamic analyses are sensitive to a wide range of modelling
and processing factors other than segmental IP (e.g., joint parameters, musculotendonous
parameters and geometry, kinematic data) that could not be fully controlled by the present
research design (Myers, Laz, Shelburne, & Davidson, 2015). Indeed, the results of Chapter 5
suggested that the influence of these factors on the magnitude of the residual forces and
moments were not effectively minimised by the residual reduction algorithm in OpenSim.
Ongoing improvements in the numerical methods for kinematic processing and
musculoskeletal modelling parameters are crucial for expanding the use of forward dynamic
analyses in biomechanical investigations.
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6.4

Future work

Future research should focus on the following:


Improvements to the DXA/Vol approach should include non-uniform density profiles
possibly identified from the body composition data output by DXA to account for
variation in segment density along the longitudinal axis.



The algorithms that articulate the DXA/3D template should be improved to allow pose
changes to be adequately represented with high fidelity such that segmental IP can
be continuously estimated across time,



The DXA/Vol and DXA/3D approaches should be assessed across a variety of
dynamic motions and non-normative populations.



Future biomechanical models should seek to separate the IP of rigid and soft tissue
as means to minimise the influence of the wobbling mass artefact in activities in which
significant impacts and impulsive loading are observed.

The technical development, results, discussions and recommendations for future work
surrounding improved estimation of subject specific segment IP within this thesis aim to
contribute toward enhancing the validity of forward and inverse dynamics in a variety of
biomechanical investigations.
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B.1

Chapter 3

Folder 1: Calculate cylinder inertia tensor with the compound pendulum (see
Appendix A within Chapter 3)
Function to find the axis of rotation with respect to the
holder frame

meanhelicalaxis2.m

Function to find the centre of mass of the holder frame,
either with or without holding the cylinder

findingCoM2.m
Cylinder_CoM_CP.m

Function to find the distance L between the axis of rotation
and the centre of oscillation of the holder frame

Calculation_of_L.m

Function to find the distance D between the axis of
rotation and the centre of mass of the holder frame

findingD.m

Function to calculate the inertial tensor of the cylinder

Cylinder_MOI_exp_CP.m

Folder 2: Perform simulations and API functions (see Methods within Chapter 3)
Function to perform the simulated angular velocities and
compare the simulations against the experimental data to
compute the Deviation Angles

full_simul_analysis.m

Function to perform the Monte Carlo analyses

MC_simulations.m
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B.2

Chapter 4

Folder 1: Calculate Pig centre of mass and inertia tensor with the compound pendulum
(As per method described in Appendix A, Chapter 3)
Function to find the axis of rotation with respect to the
holder frame

meanhelicalaxis2.m

Function to find the centre of mass of the holder frame,
either with or without holding the pig

findingCoM2.m

Function to find the distance L between the axis of rotation
and the centre of oscillation of the holder frame

Calculation_of_L.m

Function to find the distance D between the axis of rotation
and the centre of mass of the holder frame

findingD.m

Function to calculate the inertial tensor of the pig

Pigs_MOI.m

Function to transform the inertial properties of the pig from
the marker-based coordinate system to the OpenSim
model coordinate system

Pigs_OS_IP.m

Folder 2: Calculate Pig inertial properties with the DXA/Vol
Function to compute the inertial parameters of the pig, in
a coordinate system of same orientation as that of the DXA
scanning table (X: top-bottom; Y: right-left; Z: upwards)

DXA_Inertia.m

Function to transfer the pig inertial parameters to the
coordinate system of the referred OpenSim model. The
function uses as references the surface markers defined
in both the DXA and the OpenSim model coordinate
systems

Convert_DXA_OS.m

Folder 3: Calculate Pig inertial properties with the DXA/3D
Function to compute the inertial properties of the pig,
already in the coordinate system of the OpenSim model
(same CS of the 3D mesh)

global_align_pig_new.m

To perform simulations using the API functions, see Folder 2, Item B1 in this
Appendix
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B.3

Chapter 5

Folder 1: Calculate the segmental inertial parameters using the DXA/Vol
Function used to segment the whole body using the DXA
image as reference and calculate the segmental inertial
parameters

BSIP_calculator.m

Folder 2: Musculoskeletal model
14- and 17- segment generic musculoskeletal model

HA_14seg.osim
HA_17seg.osim

14- and 17-segment markerset for musculoskeletal
model

HA_Scale_MarkerSet_14seg.xml
HA_Scale_MarkerSet_17seg.xml

Function used to help to find the scaling factors of
segments that could not rely on joint centres
determined by the surface markers (i.e., pelvis, torso,
torso sub segments, and upper arms)

scaling_factors.m

Folder 3: Assign the segmental inertial parameters calculated with DXA/Vol to the
OpenSim musculoskeletal model.
Function to assign the segmental inertial parameters of
each participant calculated with the DXA/Vol method to the
respective OpenSim musculoskeletal model after the
scaling procedure

change_model_BSIP.m

Folder 4: Package to convert Vicon c3d files for use in OpenSim
To perform statistical analyses using the one-dimensional statistical parametric
mapping package, please refer to www.spm1d.org
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